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Abstract: Electronic Health Records (EHRs) are pivotal in modern healthcare, housing a treasure trove of patient information. They 

are real-time, patient-centered records that make information available instantly and securely to authorized users. However, a 

substantial portion of this data resides in unstructured clinical notes, presenting significant challenges for data extraction and 

utilization. This research paper investigates the issues posed by unstructured clinical notes application of Natural Language Processing 

(NLP) techniques in the healthcare sector to extract structured patient data from unstructured clinical notes. By utilizing NLP 

algorithms, healthcare institutions can unlock invaluable insights within EHRs, leading to improved patient care, clinical research, and 

administrative efficiency. This paper addresses various NLP approaches, the implementation of pre-trained SpaCy and Med7Modelfor 

extracting structural data, and the potential for future advancements in this critical area of healthcare informatics. 
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1. Introduction 
 

An electronic version of a patient's medical history is called 

an electronic health record, or EHR. Electronic Health 

Records (EHRs) are databases created during clinical events 

or interactions. Demographics, issues, prescriptions, progress 

notes, and other important administrative clinical data can be 

included. One major distinction between an EMR and an 

EHR is the instantaneous sharing of all information. An 

EMR captures information from a single healthcare provider 

and is only accessible by that single healthcare provider. 

Nonetheless, EHRs are made to be utilized by a variety of 

healthcare organizations and providers [1]-[4]. EHRs can be 

shared throughout various healthcare settings and are 

updated over time by providers. These patient-centered, real-

time records give authorized users instantaneous, secure 

access to information. Within EHRs, clinical notes offer a 

narrative account of patient conditions, treatments, and 

progress. A necessary format for recording an interaction 

with a patient is a clinical note. They play a crucial role in 

the medical records of patients and can significantly affect 

the kind of care they receive. However, most of these notes 

are unstructured free-text documents. Unstructured clinical 

notes within EHRs comprise diverse data types, including 

progress notes, discharge summaries, consultation reports, 

and medical histories. They are typically composed in 

natural language, which presents a challenge for data 

extraction due to the variability in language and writing 

styles [7]. 

 

Unstructured clinical notes introduce several challenges, 

including data noise, linguistic diversity, data redundancy, 

and the need to ensure patient data privacy and security. Data 

noise may include irrelevant or duplicated information, 

making it essential to identify and filter the pertinent data 

accurately. This Paper aims to explore the application of 

Natural Language Processing (NLP) techniques to extract 

structured patient data from unstructured clinical notes 

within EHRs. The primary objectives are as follows: 

1) Investigate the challenges posed by unstructured clinical 

notes. 

2) Review the critical role of NLP in healthcare 

informatics. 

3) Provide implementation and practical examples of NLP 

applications for patient data extraction. 

 

2.  Unstructured issues in Clinical notes 
 

• A patient's medical history, symptoms, diagnosis, course 

of treatment, and progress are all described in detail in 

their clinical notes, which are an integral element of the 

medical record. It offers a chronology of the patient's 

medical occurrences and interventions and includes both 

subjective and objective data organized chronologically 

[3]. Unstructured issues in clinical notes within 

Electronic Health Records refer to challenges associated 

with free-Text narrative entries that lack a standardized 

format. Following are some common issues:  

• Free-Text Variability: Clinicians may use diverse 

language, abbreviations, or acronyms, making it difficult 

to extract and interpret information consistently. 

• Lack of Standardization: There may be inconsistencies 

in how different healthcare professionals document 

information, leading to variations in terminology, style, 

and content. 

• Limited Searchability: Unstructured data can be 

challenging to search and retrieve compared to structured 

data. This can impede quick access to relevant 

information. 

• Semantic Ambiguity: The meaning of terms or phrases 

may vary between users or over time, leading to potential 

misinterpretation and miscommunication. 

• Contextual Understanding: Understanding the context 

of certain statements or notes may be difficult, especially 

when details are scattered across multiple unstructured 

entries. 

• Difficulty in Data Mining: Analyzing unstructured data 

for research or quality improvement purposes is more 

complex compared to structured data.  
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• Incomplete Information: Clinicians may not provide 

exhaustive details in free-text notes, leaving gaps in the 

patient's medical history or current condition. 

• Inability to Capture Structured Data: Information that 

could be better represented in a structured format may 

end up in free-text notes, reducing the potential for 

interoperability and data exchange. 

• Redundancy and Repetition: Clinicians may 

repetitively document certain information in different 

parts of the record, leading to redundancy and potential 

confusion. 

• Limited Decision Support: Extracting actionable 

insights or implementing decision support systems can be 

challenging when dealing with unstructured data 

compared to structured data. 

• Legal and Ethical Concerns: Ensuring compliance with 

privacy and security regulations becomes more 

challenging when dealing with unstructured data, 

especially if sensitive information is not clearly defined. 

[2,3] 

• In order to tackle these unstructured problems, advanced 

natural language processing (NLP) algorithms are being 

developed and put into use, as well as standardized 

terminology being promoted described in the next 

Section. 

 

3.  Extraction of structured data through 

Natural Language Processing 
 

3.1 Title and authors 

 

NLP is a multidisciplinary field focusing on computer and 

human language interaction. In healthcare, NLP plays a vital 

role in data processing, enabling the extraction of structured 

data from unstructured text.NLP holds the promise of 

addressing the challenges posed by unstructured clinical 

notes. Following figure shows the  steps performed for 

extracting structured data from unstructured clinical 

Notes[6]-[9]. 

 

 
Figure 1: Steps followed for Extraction of structured data 

 

Step-1: Text Preprocessing: 

NLP algorithms start by preprocessing the unstructured text. 

This involves tasks such as tokenization (breaking text into 

words or phrases), stemming (reducing words to their root 

form), and removing stop words (common words that do not 

carry much meaning). This step helps in preparing the text 

for more advanced analysis. 

 

Step-2: Named Entity Recognition (NER): 

NER is a crucial task in extracting structured data from 

clinical notes. It involves identifying and classifying entities 

mentioned in the text, such as patient names, medical 

conditions, medications, procedures, and dates. NLP models 

trained for healthcare can recognize and categorize these 

entities accurately. 

 

Step-3: Relationship Extraction: 

After identifying entities, NLP systems work on 

understanding the relationships between them. For example, 

linking a medication to a specific medical condition or 

associating a procedure with a date. This step is essential for 

building a coherent and structured representation of the 

information contained in clinical notes. 

 

Step-4: Temporal Analysis: 

Clinical notes often include temporal information, such as 

the onset of symptoms, dates of procedures, or changes in 

medication. NLP models can analyze the temporal aspect of 

the text to order events chronologically, providing a timeline 

of the patient's medical history. 

Step-5: Negation Detection: 

Negation detection is crucial for understanding the context of 

information in clinical notes. NLP models can identify 

instances where a condition or treatment is explicitly 

negated, helping to avoid misinterpretation of information. 

 

Step-6: Sentiment Analysis: 

Sentiment analysis may be applied in certain cases to 

understand the tone or context of the clinical notes. This can 

be especially important in mental health settings or when 

assessing the impact of a treatment on a patient's well-being. 

 

Step-7: Standardization and Coding: 

Once the relevant information is extracted and understood, 

NLP systems can standardize the data by mapping it to 

standardized medical codes such as SNOMED CT 

(Systematized Nomenclature of Medicine -- Clinical Terms) 

or LOINC (Logical Observation Identifiers Names and 

Codes). This facilitates interoperability and integration with 

existing healthcare systems. 

 

Step-8: Integration with Electronic Health Records 

(EHRs): 

The final structured data, extracted and processed by NLP, 

can be integrated into electronic health records. This 

enhances the accessibility and usability of the information 

for healthcare professionals, supporting better clinical 

decision-making. 
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4. Initial Experiment performed using SpaCy 

model for data extraction 
 

Creating a complete and accurate system for extracting 

structured data from unstructured clinical notes is a complex 

task that may require a more sophisticated approach, 

potentially involving specialized models and training on 

medical data[10][11]. Here is a more comprehensive 

example using spaCy and the Med7 model, a pre-trained 

spaCy model for extracting medication-related information. 

spaCy is an open-source library designed for natural 

language processing (NLP) in Python.written in Cython, 

making it fast and capable of processing large amounts of 

text quickly.  It provides efficient and easy-to-use tools for 

various NLP tasks, such as tokenization, part-of-speech 

tagging, named entity recognition, and more.spaCy comes 

with pre-trained models for various languages, allowing 

users to perform common NLP tasks without having to train 

models from scratch.The Med7 model is a pre-trained spaCy 

model specifically designed for extracting medication-related 

information from clinical text. 

import spacy 

# Load spaCy Med7 model 

nlp = spacy.load("en_core_med7") 

 

def extract_medication_information(text): 

 # Process the text using spaCy Med7 model 

    doc = nlp(text) 

 # Initialize variables to store extracted medication 

information 

    medications = [] 

 # Extract medication entities 

    for ent in doc.ents: 

        if ent._.is_medication: 

            medications.append({'medication': ent.text, 'start': 

ent.start_char, 'end': ent.end_char,   

  'route': ent._.route}) 

 

    return medications 

 

# Example usage 

clinical_note = "The patient was prescribed 10mg of Lipitor 

to be taken orally once a day." 

 

medications = extract_medication_information(clinical_note) 

 

print("Medication Information:") 

for medication in medications: 

    print(medication) 

 

Result 
 

The code processes the clinical note and extracts medication-

related information using the spaCy Med7 model. The 

extracted medication information includes the name of the 

medication, the start and end positions in the text, and the 

route of administration 

 

Medication Information: 

{'medication': '10mg of Lipitor', 'start': 29, 'end': 46, 'route': 

'orally once a day'} 

# Example usage 

Clinical_note= "Arjun was prescribed 375 mg of Clavam 

with vitazinc to be taken orally twice a day." 

 

Medication Information: 

{'medication': '375 mg of Clavam with vitazinc', 'start': 26, 

'end': 63, 'route': 'orally twice a day'} 

 

5. Conclusion 
 

In conclusion, the application of Natural Language 

Processing for extracting structured patient data from 

unstructured clinical notes within EHRs is a transformative 

advancement in healthcare informatics. In this paper an 

accurate system using Spacy Model for extracting structured 

data from unstructured clinical notes is implemented and 

tested with some unctructured data discussed in section 4. 

NLP has demonstrated its ability to address the challenges 

associated with unstructured data, resulting in improved 

patient care, enhanced clinical research, and increased 

administrative efficiency. As NLP technology continues to 

evolve, its role in healthcare will become increasingly 

central, ensuring that valuable patient data within clinical 

notes is utilized to its full potential. 
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