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ABSTRACT

Emergency departments generate vast amounts of heterogeneous clinical data, including unstructured triage
notes and structured physiological, laboratory, and demographic information. Effectively integrating these
multimodal data sources is essential for improving clinical decision support systems and enabling timely,
accurate patient care. However, traditional single-modality approaches often fail to capture the complex
interactions between textual and structured data, limiting their effectiveness in high-acuity environments.

Recent advancements in multimodal natural language processing (NLP) and deep learning have demonstrated
significant potential in addressing these limitations. By combining transformer-based architectures with
structured data fusion techniques, multimodal systems can enhance predictive performance for clinical
deterioration, triage classification, and emergency severity assessment. Studies have shown that integrating
clinical notes with structured electronic health record (EHR) data improves diagnostic accuracy and supports
real-time decision-making in emergency settings.

This paper explores the application of multimodal NLP for integrating triage notes and structured clinical data in
emergency department decision support systems. The approach leverages advanced fusion techniques, including
joint embedding models and transformer-based architectures, to unify heterogeneous data sources into a shared
representation space. Such integration enables more robust clinical predictions, including patient deterioration
risk, treatment prioritization, and resource allocation.

Overall, multimodal NLP represents a transformative approach to emergency department decision support,
offering improved predictive accuracy, enhanced situational awareness, and more efficient clinical workflow.

Keywords:
Multimodal NLP, Emergency department, Triage notes, Structured clinical data, Clinical decision support
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1.0 INTRODUCTION
Emergency departments (EDs) operate in high-pressure environments where rapid and accurate clinical
decision-making is critical to patient survival and outcomes. These settings generate large volumes of
heterogeneous data, including structured electronic health records (EHRs), vital signs, laboratory results, and
unstructured triage notes written by clinicians. The integration of these diverse data sources is essential for
improving clinical decision support systems (CDSS), yet remains a significant challenge in modern healthcare
informatics (Hudson et al., 2026; Stewart et al., 2022).
1.1 Complexity of Emergency Department Data
Emergency care data is inherently multimodal, combining structured numerical values with free-text clinical
narratives and, in some cases, physiological signals and imaging outputs. While structured data provides
standardized and quantifiable information, triage notes often contain rich contextual details about patient
condition, symptoms, and clinical reasoning. However, the unstructured nature of these notes makes it difficult
to integrate them effectively into computational decision-support systems (Porto, 2024; Lee et al., 2024).
This heterogeneity often leads to incomplete clinical understanding when relying on single data modalities,
limiting the accuracy of traditional predictive models in emergency settings.
1.2 Importance of Multimodal Integration in Clinical Decision Support
The integration of structured and unstructured clinical data has been shown to significantly improve predictive
performance in emergency care applications. Multimodal approaches enable models to capture complementary
information from different data sources, leading to more accurate predictions of patient deterioration, triage
classification, and treatment prioritization (Choi et al., 2024; Zhang et al., 2024).

IJETRM (http://ijetrm.com/) [325]


https://ijetrm.com/issue/
http://ijetrm.com/
mailto:ashokmanoharan1992@gmail.com

Volume-10 Issue 04, April -2026 ISSN: 2456-9348

Impact Factor: §8.232

International Journal of Engineering Technology Research & Management (IJETRM)
Journal Article
https://ijetrm.com/issue/

Recent studies emphasize that combining triage notes with structured EHR data enhances decision-making
accuracy and supports more efficient resource allocation in emergency departments (Wang et al., 2025; Ye et
al., 2024). This integration is particularly important in time-sensitive environments where delays in
interpretation can directly impact patient outcomes.

1.3 Role of Natural Language Processing in Triage Analysis

Natural language processing (NLP) has emerged as a key technology for extracting meaningful information
from unstructured triage notes. NLP techniques enable the conversion of free-text clinical narratives into
structured representations that can be processed by machine learning models. Systematic reviews have shown
that NLP significantly improves triage performance and emergency department decision-making by extracting
relevant clinical features from text data (Stewart et al., 2022; Porto, 2024).

More recent advancements in transformer-based and large language model (LLM) approaches have further
improved the ability to understand clinical context, supporting more accurate classification and prediction tasks
in emergency care environments (Yang et al., 2026; Hudson et al., 2026).

1.4 Emergence of Multimodal Deep Learning in Emergency Care

Multimodal deep learning approaches have gained increasing attention due to their ability to process and
integrate multiple data types simultaneously. These models combine structured clinical variables with
unstructured text and, in some cases, physiological waveforms or imaging data to improve predictive accuracy.
For example, multimodal systems have demonstrated strong performance in predicting clinical deterioration and
emergency severity by leveraging joint representations of heterogeneous data sources (Alcaraz et al., 2025;
Dipaola et al., 2023).

Similarly, studies have shown that integrating multimodal inputs using transformer-based architectures enhances
clinical prediction tasks, including intravenous fluid administration and disease prognosis (Wang et al., 2025;
Ye et al., 2024).

1.5 Applications in Emergency Decision Support Systems

Multimodal NLP has been widely applied in developing advanced clinical decision support systems for
emergency care. These systems assist clinicians in triage classification, early risk detection, and workflow
optimization. Recent research demonstrates that Al-driven platforms integrating multimodal data can improve
inpatient flow, reduce delays, and enhance clinical efficiency in emergency departments (Pai et al., 2026; Russ
et al., 2025).

Additionally, exploratory studies highlight the feasibility of real-time multimodal Al systems in emergency care,
showing promising results in improving diagnostic accuracy and clinical assessment processes (Russ et al.,
2025; Choi et al., 2024).

1.6 Research Gaps and Motivation

Despite significant progress, several challenges remain in the integration of multimodal data for emergency
decision support. Key issues include data heterogeneity, lack of standardization across clinical systems, and
limited interpretability of complex deep learning models. Furthermore, real-time deployment in emergency
environments remains difficult due to computational constraints and system integration barriers (Ardic & Dinc,
2025; Hudson et al., 2026).

Although transformer-based and multimodal Al systems have shown promising results, there is still a need for
more robust frameworks that effectively integrate triage notes and structured data while ensuring scalability,
transparency, and clinical usability.

2.0 LITERATURE REVIEW
This section reviews existing research on multimodal natural language processing (NLP) and its application in
integrating triage notes with structured clinical data for emergency department decision support systems. The
review focuses on transformer-based architectures, multimodal fusion strategies, clinical prediction models, and
real-world emergency care applications.
2.1 Evolution of Multimodal NLP in Emergency Care
Multimodal NLP has emerged as a critical advancement in healthcare informatics, enabling the integration of
heterogeneous data sources such as clinical text, structured EHR data, physiological signals, and imaging
outputs. Early approaches primarily relied on rule-based systems and single-modality machine learning models,
which were limited in their ability to capture complex clinical relationships (Stewart et al., 2022).
Recent advancements in deep learning have shifted the focus toward multimodal architectures capable of jointly
learning from structured and unstructured data. These approaches have demonstrated improved predictive
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performance in emergency care applications, particularly in triage classification and clinical deterioration
prediction (Choi et al., 2024; Patil et al., 2025).

2.2 Transformer-Based Models for Clinical Decision Support

Transformer-based models have become the foundation of modern clinical NLP due to their ability to capture
long-range dependencies and contextual relationships in clinical text. These models have been widely applied in
emergency department decision support systems for tasks such as risk prediction, triage classification, and
clinical outcome forecasting (Yang et al., 2026; Hudson et al., 2026).

Choi et al. (2024) demonstrated a deep learning framework that leverages multimodal clinical data for real-time
prediction of clinical deterioration in emergency departments. Their findings highlight the effectiveness of
transformer-based architectures in improving decision support accuracy and response time.

2.3 Integration of Structured and Unstructured Clinical Data

A major research focus in recent years has been the integration of structured EHR data with unstructured clinical
notes. Structured data provides measurable clinical indicators, while unstructured triage notes contain contextual
and observational information that is often critical for accurate diagnosis.

Zhang et al. (2024) demonstrated that combining structured and unstructured data significantly improves
emergency severity prediction using transformer-based NLP models. Similarly, Wang et al. (2025) showed that
multimodal integration enhances predictive modeling for clinical interventions such as intravenous fluid
utilization.

2.4 Multimodal Fusion Techniques in Clinical AI

Multimodal fusion techniques are essential for combining heterogeneous healthcare data into a unified
representation. These methods include early fusion, late fusion, and joint embedding approaches. Transformer-
based architectures have increasingly been used to implement joint embedding strategies due to their ability to
learn shared representations across modalities.

Alcaraz et al. (2025) introduced a multimodal benchmark incorporating physiological waveforms,
demonstrating the effectiveness of deep learning models in emergency care contexts. Similarly, Ardic and Dinc
(2025) reviewed emerging multimodal Al trends and highlighted that transformer-based fusion methods
significantly enhance clinical decision support capabilities.

Russ et al. (2025) further demonstrated the feasibility of multimodal Al platforms in emergency care, showing
that integrated systems can support real-time clinical assessment and workflow optimization.

2.5 NLP and Triage Decision Support Systems

Triage is a critical process in emergency departments, requiring rapid assessment of patient severity. NLP
techniques have been widely used to extract meaningful information from triage notes to support classification
and prioritization.

Porto (2024) and Stewart et al. (2022) both highlight the effectiveness of NLP-based triage systems in
improving classification accuracy. More advanced systems now incorporate transformer-based models and large
language models to enhance contextual understanding and predictive capability (Yang et al., 2026).

2.6 Clinical Applications and Decision Support Systems

Multimodal NLP has been applied across a range of emergency care applications, including clinical
deterioration prediction, inpatient flow optimization, and diagnostic support. Choi et al. (2024) developed a real-
time decision support system capable of predicting patient deterioration using multimodal data streams,
demonstrating improved clinical responsiveness.

Pai et al. (2026) introduced Al-enhanced decision support systems that streamline inpatient flow and improve
emergency department efficiency. Similarly, Russ et al. (2025) demonstrated the feasibility of multimodal Al
platforms for real-time clinical assessment, highlighting their potential for integration into hospital workflows.
2.7 Challenges and Limitations

Despite significant advancements, several challenges persist in multimodal NLP for emergency care. Data
heterogeneity remains a major issue, as clinical datasets often vary in format, quality, and completeness.
Additionally, model interpretability is a critical concern, particularly in high-stakes clinical environments where
transparency is essential for trust and adoption (Hudson et al., 2026; Ardic & Dinc, 2025).

Other challenges include computational complexity, limited availability of labeled multimodal datasets, and
difficulties in real-time deployment within emergency department systems. These limitations highlight the need
for more efficient, interpretable, and scalable multimodal frameworks.

2.8 Research Gaps

While existing studies demonstrate the effectiveness of multimodal NLP systems, several gaps remain. First,
there is limited research specifically focusing on the integration of triage notes with structured EHR data in real-
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time emergency decision support. Second, many existing models lack interpretability, limiting their clinical
usability. Third, there is a need for standardized benchmarks to evaluate multimodal systems consistently across
different emergency care settings.

Addressing these gaps is essential for advancing multimodal NLP applications and improving clinical decision
support systems in emergency departments.

3.0 METHODOLOGY
This section presents the methodological framework for applying multimodal natural language processing
(NLP) to integrate triage notes and structured clinical data for emergency department decision support systems.
The approach combines data preprocessing, multimodal fusion, transformer-based modeling, and evaluation
strategies to support accurate clinical prediction and triage classification.
3.1 Research Design
This study adopts a computational experimental design focused on the development and evaluation of a
multimodal decision support framework. The model integrates structured EHR data and unstructured triage
notes to improve predictive performance in emergency care tasks such as patient deterioration prediction, triage
classification, and clinical risk assessment. The design aligns with prior multimodal clinical Al studies
emphasizing real-time decision support in emergency settings (Choi et al., 2024; Patil et al., 2025).
3.2 Data Sources and Collection
The framework utilizes two primary data modalities:
e Structured Data: Includes vital signs, laboratory results, demographic information, and clinical
measurements extracted from electronic health records (EHRs).
e Unstructured Data: Consists of triage notes, clinical narratives, and physician observations recorded

during emergency department intake.
These heterogeneous datasets reflect real-world emergency department workflows where both quantitative and
textual information are essential for decision-making (Hudson et al., 2026; Zhang et al., 2024).
3.3 Data Preprocessing
Data preprocessing is conducted separately for structured and unstructured inputs.
For structured data, missing values are handled using statistical imputation techniques, and numerical features
are normalized to ensure consistency across variables.
For unstructured triage notes, preprocessing includes tokenization, lowercasing, removal of irrelevant symbols,
abbreviation expansion, and clinical text normalization. Natural language processing techniques are applied to
convert raw text into machine-readable formats suitable for transformer-based models (Stewart et al., 2022).

Figure 1: Methodology framework components for multimodal NLP in ED decision support
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3.4 Feature Representation and Encoding
Structured data is transformed into numerical feature vectors, while unstructured triage notes are encoded using
transformer-based language models. These models generate contextual embeddings that capture semantic
relationships within clinical text.
The integration of both modalities is achieved through joint representation learning, where embeddings from
structured and unstructured data are aligned into a shared feature space. This approach enables the model to
learn complementary relationships between clinical variables and narrative text (Ye et al., 2024; Wang et al.,
2025).
3.5 Multimodal Fusion Strategy
The study employs a transformer-based multimodal fusion architecture. The fusion process integrates structured
and textual embeddings using the following strategies:

e Early Fusion: Concatenation of structured and textual embeddings before model training.

o Intermediate Fusion: Integration within transformer layers using attention mechanisms.

e Joint Embedding Fusion: Learning a shared latent representation for both modalities.
Among these, joint embedding fusion is emphasized due to its ability to capture deep semantic interactions
between triage notes and structured clinical variables (Alcaraz et al., 2025; Ardic & Dinc, 2025).
3.6 Transformer-Based Model Architecture
The core model is built on transformer-based deep learning architectures capable of processing sequential and
contextual data. The model consists of:

e A text encoder for triage note embeddings

e A structured data encoder for clinical variables

e A fusion layer combining multimodal representations

e A prediction head for classification or risk scoring
This architecture enables real-time prediction of clinical outcomes such as deterioration risk and triage severity
levels, consistent with findings in emergency decision support literature (Choi et al., 2024; Lansiaux et al.,
2026).
3.7 Model Training and Optimization
The model is trained using supervised learning on labeled emergency department datasets. Optimization is
performed using gradient-based methods, typically Adam optimizer, with cross-entropy loss for classification
tasks.
Regularization techniques such as dropout and early stopping are applied to prevent overfitting. In addition,
hyperparameter tuning is conducted to optimize learning rate, batch size, and embedding dimensions for
improved model generalization (Kirelli, 2025).

4.0 RESULTS
This section presents the outcomes of applying multimodal NLP models for integrating triage notes and
structured clinical data in emergency department decision support systems. The results focus on predictive
performance, modality contribution, fusion effectiveness, and clinical applicability.
4.1 Overall Model Performance
The multimodal transformer-based framework demonstrated strong predictive capability in emergency
department decision support tasks, particularly in patient deterioration prediction and triage classification. The
integration of structured clinical data with unstructured triage notes consistently improved model performance
compared to single-modality baselines.
These findings are consistent with prior studies showing that multimodal deep learning systems outperform
traditional machine learning approaches in emergency care prediction tasks (Choi et al., 2024; Patil et al., 2025).
The improvement in predictive accuracy highlights the importance of combining heterogeneous clinical data
sources.
4.2 Impact of Multimodal Fusion
The results indicate that multimodal fusion significantly enhances predictive performance compared to
individual data modalities. Models that combined structured EHR data with triage notes achieved higher
accuracy and better generalization than those using either modality alone.
Joint embedding-based fusion strategies provided the most consistent improvements, as they allowed the model
to learn shared representations between clinical variables and textual narratives. This aligns with findings by Ye
et al. (2024), who demonstrated that hybrid fusion methods improve robustness in clinical prediction models.
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4.3 Performance in Triage Prediction

The multimodal model showed improved performance in triage classification tasks, particularly in
distinguishing between moderate and high-acuity cases. The inclusion of triage notes provided critical
contextual information that enhanced the model’s ability to interpret patient severity.

These results are supported by previous research indicating that NLP-enhanced triage systems improve
classification accuracy and reduce misclassification rates in emergency departments (Stewart et al., 2022;
Kirelli, 2025). Additionally, Lansiaux et al. (2026) reported similar improvements using multimodal and NLP-
based triage prediction systems.

4.4 Clinical Deterioration Prediction

The model demonstrated strong capability in predicting clinical deterioration events, with multimodal inputs
contributing significantly to early risk detection. Structured data such as vital signs provided quantitative
indicators, while triage notes added contextual cues regarding patient condition.

This complementary relationship between modalities improved early warning accuracy, consistent with Choi et
al. (2024), who showed that multimodal deep learning models enhance real-time deterioration prediction in

emergency settings.

Table 2: Performance Results of Multimodal NLP Model for Emergency Department Decision Support

Evaluation Aspect

Method / Model Setting

Performance
Outcome

Key Observation

Overall Predictive

Multimodal Transformer

High accuracy and

Outperformed single-modality

Performance (Structured + Triage strong generalization | baseline models (Choi et al., 2024;
Notes) Patil et al., 2025)

Structured Data EHR structured variables | Moderate predictive | Effective for baseline prediction

Only (vitals, labs, performance but lacked contextual
demographics) understanding (Zhang et al., 2024)

Triage Notes Only NLP-based transformer High contextual Improved classification of patient
encoding of clinical text | sensitivity severity and symptoms (Stewart et

al., 2022; Porto, 2024)
Multimodal Fusion | Concatenation of Improved Limited interaction learning

(Early Fusion)

embeddings

performance over
single models

between modalities (Ye et al.,
2024)

Multimodal Fusion

Transformer-based

Best overall

Captured deep semantic

(Joint Embedding) shared representation performance relationships across modalities
learning (Alcaraz et al., 2025)
Triage Multiclass emergency High classification Improved identification of

Classification Task

severity prediction

accuracy

moderate and high-acuity cases
(Kirelli, 2025)

Clinical Time-sensitive Strong early warning | Enabled early detection of patient

Deterioration multimodal prediction capability risk (Choi et al., 2024)

Prediction model

Comparative Rule-based / traditional Lower performance Struggled with unstructured triage

Baseline Models ML models text and missing context (Hudson
et al., 2026)

Real-World Simulated ED workflow | High feasibility Supports real-time clinical decision

Applicability deployment support integration (Russ et al.,

2025; Pai et al., 2026)

4.5 Contribution of Triage Notes vs Structured Data

An ablation analysis revealed that both structured and unstructured data contribute significantly to model
performance, but triage notes provided a higher marginal gain in complex classification scenarios. Structured
data alone was effective for baseline predictions, but lacked contextual depth.

In contrast, triage notes improved model understanding of patient symptoms, urgency, and clinical reasoning.
This finding aligns with Zhang et al. (2024), who emphasized the importance of integrating unstructured clinical
text for improved emergency severity prediction.

IJETRM (http://ijetrm.com/) [330]


https://ijetrm.com/issue/
http://ijetrm.com/

Volume-10 Issue 04, April -2026 ISSN: 2456-9348

Impact Factor: §8.232

International Journal of Engineering Technology Research & Management (IJETRM)
Journal Article
https://ijetrm.com/issue/

4.6 Comparative Performance with Existing Approaches

Compared to traditional single-modality machine learning models, the proposed multimodal framework
demonstrated superior predictive accuracy, robustness, and generalization ability. Rule-based and structured-
only models showed lower performance, particularly in cases involving incomplete or noisy data.

These improvements are consistent with findings from multiple studies highlighting the superiority of
multimodal Al systems in emergency care applications (Hudson et al., 2026; Ardic & Dinc, 2025).

4.7 Real-World Applicability

The results indicate that multimodal NLP systems have strong potential for real-time deployment in emergency
departments. The ability to process both structured and unstructured data enables faster clinical decision-
making, improved triage efficiency, and better resource allocation.

Pilot studies and real-world implementations have similarly demonstrated the feasibility of deploying
multimodal Al systems in clinical environments, supporting their integration into hospital workflows (Russ et
al., 2025; Pai et al., 2026).

5.0 DISCUSSION
This section interprets the findings of the multimodal NLP framework for integrating triage notes and structured
clinical data in emergency department decision support systems. The discussion focuses on the implications of
multimodal fusion, clinical relevance, limitations, and alignment with existing literature.
5.1 Significance of Multimodal Integration in Emergency Care
The results of this study demonstrate that integrating structured EHR data with unstructured triage notes
significantly enhances predictive performance in emergency department decision support tasks. This finding
reinforces the importance of multimodal learning in capturing complementary clinical information that is often
missed when relying on a single data source.
Structured data provides objective clinical measurements, while triage notes offer contextual insights into
patient condition, symptoms, and clinician reasoning. Their combination enables a more holistic understanding
of patient status, improving decision-making accuracy in time-critical environments (Choi et al., 2024; Zhang et
al., 2024).
5.2 Role of Multimodal Fusion in Model Performance
The superior performance of joint embedding-based fusion strategies highlights the importance of learning
shared representations across modalities. By aligning structured variables with semantic information from triage
notes, the model captures deeper clinical relationships that improve classification and prediction outcomes.
This observation is consistent with Ye et al. (2024), who emphasized that hybrid fusion strategies improve
robustness and predictive accuracy in clinical models. Similarly, Alcaraz et al. (2025) demonstrated that
multimodal fusion techniques enhance model performance in complex healthcare environments involving
heterogeneous data sources.
5.3 Clinical Impact on Decision Support Systems
From a clinical perspective, the findings suggest that multimodal NLP systems can significantly improve
emergency department workflows. Enhanced triage classification and early detection of clinical deterioration
can support faster decision-making, reduce patient waiting times, and improve resource allocation.
These improvements align with findings from Russ et al. (2025), who reported that multimodal Al-based
platforms enhance real-time clinical assessment and workflow efficiency. Additionally, Pai et al. (2026)
highlighted that Al-enhanced decision support systems streamline inpatient flow and improve operational
efficiency in emergency care settings.
5.4 Importance of Triage Notes in Predictive Modeling
One of the key insights from this study is the substantial contribution of triage notes to model performance.
While structured data provides essential clinical indicators, triage notes introduce contextual depth that
significantly improves model understanding of patient severity and urgency.
This finding aligns with Stewart et al. (2022) and Porto (2024), who emphasized the importance of NLP in
extracting valuable clinical information from triage narratives. It also supports Lansiaux et al. (2026), who
demonstrated that NLP-enhanced models outperform traditional approaches in triage prediction tasks.
5.5 Comparison with Existing Literature
The results are consistent with prior research demonstrating the effectiveness of multimodal Al systems in
emergency care. Choi et al. (2024) showed that integrating multiple data streams improves real-time
deterioration prediction, while Wang et al. (2025) highlighted the benefits of combining structured and
unstructured data for clinical prediction tasks.
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Furthermore, Hudson et al. (2026) and Ardic & Dinc (2025) noted that multimodal Al systems represent a key
advancement in clinical decision support, particularly in environments requiring rapid interpretation of complex
data.

5.6 Challenges and Limitations

Despite the promising results, several limitations must be acknowledged. First, data heterogeneity remains a
major challenge, as variations in documentation styles and missing values can affect model performance.
Second, the interpretability of multimodal deep learning models remains limited, which may hinder clinical trust
and adoption.

Additionally, computational complexity is a concern, particularly for real-time deployment in emergency
departments where rapid inference is required. These limitations are widely recognized in the literature and
represent ongoing challenges in multimodal clinical Al development (Hudson et al., 2026; Ardic & Dinc, 2025).
5.7 Ethical and Practical Considerations

The deployment of multimodal Al systems in emergency care raises important ethical considerations, including
data privacy, fairness, and transparency. Ensuring that models do not introduce bias across patient populations is
critical for safe clinical use.

From a practical standpoint, integration into existing hospital systems remains a key challenge. However, pilot
studies suggest that multimodal decision support platforms are feasible and can be effectively integrated into
clinical workflows with appropriate infrastructure support (Russ et al., 2025).

6.0 CONCLUSION
This study investigated the application of multimodal natural language processing (NLP) for integrating triage
notes and structured clinical data in emergency department decision support systems. The findings demonstrate
that combining heterogeneous data sources significantly enhances predictive performance for critical tasks such
as patient deterioration detection, triage classification, and emergency severity assessment.
6.1 Summary of Findings
The study confirms that multimodal integration of structured EHR data and unstructured triage notes leads to
more accurate and robust clinical decision support compared to single-modality approaches. Structured data
provides objective clinical indicators, while triage notes contribute essential contextual and descriptive
information that improves model understanding of patient conditions. Their combined use results in improved
predictive accuracy and better clinical interpretation (Choi et al., 2024; Zhang et al., 2024).
Transformer-based multimodal fusion techniques, particularly joint embedding approaches, were found to be
highly effective in aligning heterogeneous clinical data into a unified representation space. This enables
improved triage decision-making and early detection of clinical deterioration in emergency settings (Ye et al.,
2024; Wang et al., 2025).
6.2 Contributions of the Study
This study contributes to the growing field of clinical Al by highlighting the importance of multimodal NLP in
emergency department workflows. It demonstrates that integrating triage notes with structured clinical data
enhances decision support systems, improves workflow efficiency, and supports real-time clinical decision-
making.
Additionally, the study reinforces the value of transformer-based architectures in healthcare applications,
particularly in handling complex and unstructured clinical narratives (Hudson et al., 2026; Patil et al., 2025).
6.3 Practical Implications
The results indicate strong practical relevance for emergency care systems. Multimodal decision support tools
can assist clinicians in prioritizing patients, reducing diagnostic delays, and improving resource allocation.
These systems also have the potential to enhance situational awareness in high-pressure environments,
ultimately contributing to improved patient outcomes (Russ et al., 2025; Pai et al., 2026).
6.4 Limitations
Despite the promising outcomes, several limitations exist. These include challenges related to data
heterogeneity, model interpretability, and computational requirements. Additionally, real-time deployment in
emergency departments requires robust infrastructure and careful integration with existing clinical systems
(Ardic & Dinc, 2025; Hudson et al., 2026).
6.5 Future Directions
Future research should focus on improving model interpretability through explainable Al techniques, optimizing
multimodal architectures for real-time deployment, and developing standardized datasets for benchmarking
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performance across emergency care settings. Further exploration of lightweight transformer models may also
enhance scalability and clinical adoption.

6.6 Final Statement

In conclusion, multimodal NLP represents a significant advancement in emergency department decision support
systems. By effectively integrating triage notes with structured clinical data, these models improve predictive
accuracy, enhance clinical decision-making, and support more efficient emergency care delivery. Continued
research and development will be essential to fully realize their potential in real-world healthcare environments.
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