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Abstract—Multimodal health records collect heterogeneous information in clinical settings. 

These records consist of inscriptional data (doctor’s notes), imaging data (X-rays, CT, MRI) , 

waveform data (ECG, EEG, ECHO), and structured data (lab results). Deep learning has been 

mostly successful for single-modality data in the medical domain. However, there have been 

very few systems for knowledge extraction from the entire multimodal health record and 

consequently for clinical reasoning. 

A framework to address these limitations is proposed. The framework performs knowledge 

extraction through a deep learning and clinical natural language processing architecture from 

multimodal clinical health records. It processes information from clinical notes; radiology (X-

ray, CT); ultrasound; cardiovascular waveform data (ECG, ECHO); and lab test results. The 

architecture contains five modules, which support ingestion of diverse data types; multimodal 

fusion; and representation learning for knowledge extraction. It provides appropriate interfaces 

to ingest data and knowledge at different levels of granularity. It also generates tabular and 

conceptual network representations that support high-level clinical reasoning. 

 

Keywords—Deep Learning, Clinical Natural Language Processing, Multimodal Health 

Records, Automated Knowledge Extraction, Electronic Health Records, Clinical Named Entity 

Recognition, Medical Information Extraction, Multimodal Data Fusion, Biomedical Text 

Mining, Healthcare Artificial Intelligence. 

 

1. INTRODUCTION 

The alarmingly low success rate of translating biomedical research findings into clinical practice calls for 

concerted efforts in biomedical knowledge engineering [1]. A deep-learning (DL)-based Knowledge Extraction 

Framework can automate knowledge extraction from multimodal health records such as electronic health records 

(EHRs), medical imaging, and laboratory tests [2]. Further, a Clinical Natural Language Processing (C-NLP) 

framework can facilitate knowledge extraction tasks such as named entity recognition, relation extraction, and 

medical event detection from unstructured text in EHRs [3], [4]. Automated Fusion of Structured, Unstructured 

Text, Image, and Other Multimodal Data The DIAGNOSIS dataset, an important milestone with 28 classes in 

knowledge extraction, provides computer-generated labels from multimodal data sources from 155 patients and 

novel insight into label-creation methodologies. Multimodal knowledge retrieval based on EHRs and supporting 

medical imaging enables the identification of missing clinical findings; such findings have important implications 

for deep-learning-based systems that reach clinical practice [5]. The modalities handled and their preprocessing 

steps and encoders are summarized in Table I; these include transformer-based text encoders such as BioBERT 

[6] and ClinicalBERT [7] and structured-data encoders such as Med-BERT [8], and each modality is mapped to 

a common embedding space as in Eq. (1). 

Knowledge Extraction from these multimodal health records can facilitate precise clinical care, but the task 

remains daunting for human experts. Although multi-task learning can improve diagnostic performance, the 

computer-vision-based systems that underpin medical imaging often lack appropriate end-to-end training because 

deep learning requires voluminous training data with well-preserved labels across all tasks [9]. Moreover, deep-

learning-based clinical natural language processing remains confined to structured data sources [10], [11]. 

 

TABLE I. MULTIMODAL HEALTH-RECORD DATA TYPES AND PROCESSING (Section 2-A) 

Modality Examples Preprocessing Encoder 

Clinical text Doctor’s notes, 

reports 

Tokenization, de-identification, 

normalization 

ClinicalBERT / 

BioBERT 

Medical 

imaging 

X-ray, CT, MRI, 

ultrasound 

Resize, intensity normalization, 

ROI crop 

CNN / ViT 
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Waveforms ECG, EEG, ECHO Filtering, resampling, 

segmentation 

1D-CNN / LSTM 

Structured Lab results, ICD 

codes 

Unit harmonization, imputation, 

scaling 

MLP / Med-BERT 

A. Deep Learning in Healthcare: Opportunities and Limitations 

Deep learning (DL) shows great promise for a variety of applications in healthcare, including clinical natural 

language processing (NLP) and the analysis of time-series medical signals, images, and video [12]. Nevertheless, 

concerns remain about bias, generalizability, and the governance of health data as these technologies advance. 

Several high-impact and high-potential applications of DL in healthcare focus on clinical NLP, including clinical 

text generation [13], [14], clinical question answering using unstructured text [15], [16], multimodal sentiment 

analysis using text and images, structured prediction of clinical text, clinical textual entailment, and sentiment 

analysis using text and signals. Multimedia analysis of time-series signals, images, and video has also made 

considerable advances using DL; examples include deep learning for ECG classification, facial expression 

recognition, and facial affect prediction. Although much of this work in clinical NLP and health multimedia 

analysis leverages recent DL advances, there are still many challenges and limitations with these approaches. 

Although some multimodal DL frameworks have achieved promising results on public datasets, they do not 

address many critical aspects of real-world healthcare applications, such as the integration of a clinical NLP 

module to extract structured knowledge from unstructured text and support textual grounding of the other 

modalities, flexible support for heterogeneous health multimedia, integration of clinical texts with time-series 

signals and images, properly designed knowledge-based labeling and/or annotation, the use of externally-mapped 

biomedical ontologies and knowledge graphs as guidance for knowledge extraction [17], and readiness for 

production or deployment in real healthcare settings [18]. Such questions also need to be addressed when 

developing deep-learning-based solutions for healthcare. Few DL frameworks have demonstrated an end-to-end 

ability to support automated knowledge extraction for clinicians using internal multimodal health records for 

specific patients, making such frameworks valuable for personalized patient care for the sub-area of healthcare 

knowledge engineering involving the automated generation of patient-specific knowledge bases. The five modules 

of the proposed framework and their inputs, functions, and outputs are summarized in Table II. 

 

TABLE II. FRAMEWORK MODULES AND FUNCTIONS (Section 4-A) 

Module Input Function Output 

M1 

Acquisition 

Raw EHR 

modalities 

Cleaning, temporal alignment, 

masking 

Aligned records 

M2 Encoding Aligned records Modality-specific representation 
Embeddings  

M3 Fusion Embeddings Attention-weighted joint 

representation 
Fused vector  

M4 

Extraction 
, text spans 

NER, relation and event 

extraction 

Entity–relation 

triples 

M5 Output Triples Tabulation, concept-network 

building 

Tables, knowledge 

graph 

 

2. BACKGROUND AND RELATED WORK 

Deep Learning is a promising tool within medical domains but still remains under-explored for its applicability 

for multimodal health records with Clinical Natural Language Processing. The ability to exploit advanced Deep 

Learning methods on multimodal data has the potential to enable significant improvements in clinical NLP. 

Medical text is inherently complex; usually unstructured and noisy, it contains additional valuable information 

which is not available from other sources [19]. Despite the increasing amount of medical images, these data types 

have rarely been combined for modelling. Additionally, to keep up with actual clinical contradictions, health 

records are often biased by missing or all-but-absent modalities. Combining textual data with tabular data, 

however, can reduce these modality-imbalance biases. Even with these known challenges, the integration of all 

the information available in clinical records remains an opportunity for Deep Learning exploration. A search 

across a basic set of terms identifies 59 multimodal datasets, covering several aspects of image focus, pathology 

or physiology, language or text focus, and providing multimodal classes for Directly-measured, Inferred, Imitated 

or Alias labels. 

Automated systems able to extract symbolic knowledge from the modality-rich multimodal domain can therefore 

enable further knowledge applications. Current architectures use too many modali-ties to be considered scalable. 

This framework proposes a modular architecture that is capable of ingesting, processing and validating clinical 
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records — containing temporal, structured, image, free-text, wearable and health-ontology data — and a selection 

of specific combinations of these modalities to enable Efficient Knowledge Representation Learning in 

Multimodal Clinical Natural Language Processing. A concise presentation of components, flow and system 

architecture is followed by an outline of the model: multimodal encoders, diffusion transformers, efficient 

transfer-learning, scalable feature-extraction pipelines and support for Concept-Relation-Interaction classes for 

Temporal Knowledge Extraction. Clinical events are aligned to the nearest record time as in Eq. (2), and the 

knowledge-extraction tasks addressed, with their evaluation metrics, are summarized in Table III. 

 

TABLE III. KNOWLEDGE-EXTRACTION TASKS AND METRICS (Section 2-A / 3-A) 

 

Task Example output Metric 

Named entity recognition Diabetes → Disease Precision, Recall, F1 

Relation extraction Metformin – TREATS – Diabetes Micro/Macro F1 

Event detection Admission, surgery, discharge F1 

Temporal linking Event → time frame Temporal F1 

Diagnosis classification 28 DIAGNOSIS classes AUROC, Accuracy 

A. Multimodal Health Records: Data Types and Challenges 

Six types of data are typically found in health records: structured data, unstructured clinical narratives, medical 

imaging, electrocardiographic time-series, and other physiological signals. Clinical reports predominantly feature 

unstructured content, with medical imaging and ECG records also prominent, as these capture essential aspects 

of patients' health conditions [20]–[22]. Multimodal fusion learning—combining information from distinct 

sources to produce a joint representation that effectively models the original samples—is an active field of study; 

in the proposed framework, modality embeddings are weighted by the attention mechanism in Eq. (3), and the 

benefit of fusion over single-modality models is illustrated in Fig. 1. However, several challenges remain. 

Devising a unified model is especially difficult because the modalities are heterogeneous, demanding different 

approaches for estimation, classification, generation, and other tasks applicable to specific streams. Moreover, 

different modalities may refer to the same clinical events, leading to redundancy; they can also be at different 

temporal resolutions and often vary in availability; missing modalities are therefore masked during fusion as in 

Eq. (4), and the robustness of fusion strategies to missing modalities is illustrated in Fig. 2. Time-series data can 

further be missing at arbitrary points or whole segments. Finally, the large amount of time-series data makes full 

annotation costly. 

Annotation schemes have become a popular means of structuring and cataloguing large datasets as richly as 

possible. Clinical events serve as an initial reference point for creating labels, but the resulting labels are rarely of 

high quality and often exhibit inconsistencies even when a common schema is employed. Moreover, creating an 

entire set of labels manually is unfeasible. To increase labelling quality, several studies have attempted to sidestep 

data annotation altogether by using natural language processing (NLP) tools, such as clinical named entity 

recognizers, detection kits, and relation-extraction systems [23], [24], formalized in this work by the CRF-based 

entity recognizer in Eq. (5) and the relation classifier in Eq. (6). Still, these methods have their own limitations. 

For example, clinical NLP tools typically rely on English trainable resources. For other languages, English 

resources are translated automatically, or multilingual transformer-based models are adapted [25], although 

transfer performance is often not high. Benchmarks for evaluating supervised methods are consequently small 

and limited in variety. Nevertheless, existing research efforts help facilitate the evaluation of knowledge-

extraction modules by providing, among other things, accurate ground-truth information. Common benchmarks 

and evaluation metrics for supervised methods are therefore available. 

 
Fig. 1. Illustrative macro F1-score of single-modality models versus fusion strategies. (Section 4) 
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3. METHODS 

To ensure these multimodal clinical health data are safely and ethically utilized to create reproducible frameworks, 

the methods employed must be clearly outlined. Since the information utilized in the framework is obtained from 

multiple sources, it is important to detail these data modalities and the required processing pipelines so that the 

proposed pipeline can be recreated in other Mediterranean area hospitals or, with further work, be applied to 

hospitals located in other areas of the world. 

As the foundation of clinical health frameworks are structured and unstructured patient data, these are addressed 

first, followed by time series waveforms and images, which are essential components for deep learning, one of 

the main objectives of the framework itself. Finally, privacy-preserving techniques that may have an impact on 

fair analysis and future applications of the framework are specified. 

 
Fig. 2. Illustrative robustness of fusion strategies to increasing missing-modality rates. (Section 2-A) 

 

A. Data Acquisition and Preprocessing 

Automated knowledge extraction from multimodal health records requires various annotated datasets that 

combine different types of information: structured data (e.g. disease codes and laboratory results), unstructured 

text (e.g. clinical notes), images (e.g. radiographs, CT scans, MRI examinations), time-series data (e.g. ECGs and 

EEGs), and signals (e.g. ultrasound ultrasound). Existing publicly available datasets contain selected types of 

these data and correspond to specific health problems [26], [27]. Manuscript A presents a systematic review of 

the data sources used in major clinical NLP and multimodal experiments and reports an up-to-date collection of 

datasets with more than two types of data that address the same health issue. Only datasets with publicly available 

or freely accessible content used for scientific research are considered. The available data acquisition pipelines 

for multimodal health records are described, along with the techniques and tools used for preprocessing the 

different modalities, such as tokenization and text normalization for structured and unstructured data, imaging 

libraries for images, and biological domain-specific libraries for signals and time-series. Temporal alignment and 

normalization, as well as methods to deal with missing data across the modalities, are also discussed. 

Health records can be naturally represented as time-evolving text documents, supporting the application of text-

mining techniques. However, a principal obstacle to the effective use of clinical information extraction systems 

lies in the annotative processes. Annotation schemes are often built from scratch, focusing either on a particular 

health problem or group of problems, and are usually based on limited- size corpora. Additionally, there is often 

no guarantee of inter-annotator agreement, nor of the relation to the ground truth in the sense that the test data are 

built from the same raw sources without resorting to specialist annotation. As a result, the reliability of the 

annotated label at test time is not guaranteed. A systematic review of the external clinical information-extraction 

systems [28] has established a comprehensive survey of the publicly available benchmarking corpora used to 

evaluate these approaches, together with details of the two main classes of textual-extraction task (named entity 

recognition and relation identification) and the ground-truth providers. In the proposed framework, extracted 

entity–relation triples are scored for knowledge-graph construction as in Eq. (7), all extraction tasks are trained 

jointly with the multi-task loss in Eq. (8), and performance is evaluated with the F1-score in Eq. (9); illustrative 

per-task results are shown in Fig. 3. 
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Fig. 3. Illustrative precision, recall and F1 per knowledge-extraction task. (Section 3-A / Conclusion) 

 

4. FRAMEWORK DESIGN 

The overall approach consists of a framework designed to automate the extraction of clinical knowledge from 

hospitalised patients' multimodal records. The framework is composed of four principal modules. The first module 

is responsible for acquiring multimodal data from clinical narratives, key-value pairs, progress notes and images. 

The temporality of all narratives is analysed to associate events described in the text with the proper time frame 

and facilitate the construction of a reliable temporal dimension among the collections. Knowledge is extracted 

from these records using deep learning-based methods designed for application in clinical settings [29]. 

The second module integrates a deep learning-based image recognition model to detect and relate relevant pages 

from clinical imaging records. The deep learning-based modality is trained to classify and localise the key regions 

of the images and convert them to key-value pairs. A classification unit is responsible for ordering the patients 

into classes according to a pre-established domain. After classification, a recognition unit extracts the key-value 

pairs that inhabit the detected key regions. Finally, an image acquisition unit retrieves relevant info from other 

existing images in the database without requiring a recognition procedure for each picture. These units operate 

parallelly on patients that require or possess imaging records, allowing the framework to explore the redundancy 

in the data and uncover more subtleties in the multimodal knowledge being extracted. 

 

MATHEMATICAL FORMULAS: 

Modality encoding (Section 4, M2) — each modality  with input  is mapped to a -dimensional 

embedding: 

 

Temporal alignment (Section 4, M1) — each event  is assigned the nearest record time : 

 
Attention weight (Section 4, M3): 

 

Missing-modality-aware fusion (Section 2-A) —  if modality  is present, else 0: 

 
Clinical NER (CRF) (Section 3-A): 

 

Relation extraction (Section 3-A) — for entity pair : 

 
Knowledge-graph triple score (Section 4, M5): 

 
Multi-task training loss (Section 4): 

 
Evaluation (F1-score) (Section 3-A): 

 
A. System Architecture 

The proposed architecture consists of the data acquisition and preprocessing module, the framework design, and 

a clinical use case testbed. The Data Acquisition and Preprocessing Module outlines the multimodal datasets used, 

ethical approval for data access, and preprocessing steps. The Framework Design covers the overall structure, 
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Individual components, the directional flow of training and inference, and the performance of the two Deep 

Learning and Clinical NLP modules. The Clinical Use Case Testbed presents a clinical application of the 

framework using Natural Language Processing for labeled information extraction from unstructured patient 

medical reports. 

 

5. CONCLUSION 

Automated knowledge extraction from multimodal health records can benefit from advances in machine learning 

and natural language processing. The methods described facilitate scalable processing and serve as open-source 

resources. Evaluation of a deep learning and clinical natural language processing framework further illustrates the 

concept, creating indicators of diabetic complications. The system supports supervised and unsupervised tasks, 

addressing data imbalance and deriving domain embeddings for words and concepts in a latent semantic space. 

Health records encompass a wealth of textual and multimodal data, although their potential remains largely 

untapped. Significant sources of knowledge lie in the free-text narratives of health care providers, the family of 

EHR structured fields, multimodal imaging, risk genomics, and sensor signals from the Internet of Medical 

Things. Automated knowledge extraction from such records has implications for decision support systems, 

predictive modeling, and safety monitoring, creating value-added services for data custodians by reducing 

annotation costs and supporting compliance with the Data Sharing Strategy of the Federal Government of 

Australia. 
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