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Abstract: This systematic review examines the role of Natural Language Processing (NLP) in enhancing the efficiency and accuracy of 

clinical documentation. The study investigates key NLP techniques utilized in the automated generation and summarization of clinical 

notes. It analyzed 152 peer-reviewed articles from the past 24 months, as recent studies are crucial given the rapidly evolving landscape 

of machine learning, AI, and their applications in the medical field. The findings show that though NLP significantly enhances clinical 

documentation, increasing efficiency and accuracy through automation, there remains a concern about Trust and Transparency. This 

systematic review proposes novel methods to address the trust and transparency issues in clinical decision-making with NLP. This research 

is vital for developing NLP applications that aid clinical decision-making, reduce clinician burnout, improve patient outcomes, and support 

personalized healthcare. The review concludes with suggestions for future research to create adaptable and context-aware NLP models. 
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1. Introduction 
 

The healthcare industry has experienced a profound 

transformation due to the integration of Artificial Intelligence 

(AI) and Natural Language Processing (NLP) technologies, 

particularly in clinical documentation and decision support 

systems. Natural Language Processing (NLP), a branch of 

artificial intelligence, facilitates the extraction of valuable 

insights from unstructured clinical data, including Electronic 

Health Records (EHRs), clinical notes, and diagnostic reports 

(1–3). Through automated processing of complex medical 

narratives, NLP enhances the accuracy of clinical decision-

making and streamlines healthcare workflows, providing 

interpretable insights that clinicians can understand and trust, 

thereby reducing the cognitive burden on healthcare providers 

(4). NLP can be leveraged for various tasks, such as disease 

prediction, clinical decision support, and patient risk 

stratification (1,4). However, the clinical domain presents 

unique challenges for NLP, including the complexity of 

medical terminology, the need to protect patient privacy, and 

the scarcity of labeled data (5–8). 

 

Recent advancements in transformer-based models like 

DistilBERT, BioClinicalBERT, BioBERT, and Bio+ 

Discharge Summary BERT have significantly improved the 

performance of NLP applications in various healthcare tasks, 

such as clinical text classification, sentiment analysis, and 

named entity recognition (NER) (5,7,9–11). These models 

have demonstrated superior capabilities in recognizing 

medical entities, understanding the context within clinical 

texts, and supporting predictive analytics for patient 

outcomes. For example, NLP systems are increasingly being 

utilized to automate disease classification, identify adverse 

drug reactions, and assist in evaluating clinical trial eligibility, 

enhancing the delivery of timely and personalized patient care 

(12). 

 

Despite the considerable progress, challenges persist, 

including the need for large annotated datasets, ethical 

concerns regarding patient data privacy, and the inherent 

complexity of medical language. This research explores the 

current landscape of NLP applications in healthcare, 

consolidating existing evidence on how these technologies 

reduce clinician workload, improve data accuracy, and 

streamline healthcare delivery. The review also focuses on 

their role in enhancing clinical decision support and 

improving the quality of clinical documentation. It highlights 

emerging trends, key techniques, and the future potential of 

NLP in transforming healthcare delivery. By systematically 

reviewing the literature, this research can uncover critical 

insights into the current state of NLP in healthcare, highlight 

areas for improvement, and propose future directions for 

advancing clinical documentation and decision support. 

 

The primary objective of this research is to systematically 

investigate how Natural Language Processing (NLP) is 

transforming clinical documentation in healthcare. 

Specifically, it aims to assess the impact of NLP and evaluate 

the extent to which NLP has improved the efficiency and 

accuracy of clinical documentation by reducing manual data 

entry, enhancing data completeness, and minimizing errors in 

Electronic Health Records (EHRs). The research also focused 

on identifying and critically examining the key NLP 

techniques, such as deep learning models and transformer 

architectures, used in automating the generation and 

summarization of clinical notes, highlighting their 
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effectiveness and limitations. 

 

2. Literature Review 

Historically, conversations have been a primary method for 

gathering clinical information, gradually evolving into 

systematic record-keeping. Clinical systems such as 

electronic medical records, labs, and other documentation 

require manual entry and review of the data, bringing 

inefficient and inaccurate processes and causing faulty 

decision-making, leading to delays in patient care. Over time, 

efforts have been made to bring in automated decision-

making support systems to improve clinical decisions. Digital 

systems brought various techniques to organize and 

synthesize the available information, including the use of 

natural language processing (13). It is imperative to gain 

insights into patients’ physical, psychological, and health-

related quality of life, which are critical factors to analyze in 

clinical decision-making. NLP is one of the disciplines of 

machine learning that has brought revolutionary changes in 

how clinical data is analyzed, and decisions are made. 

 

2.1 NLP 

 

Natural Language Processing (NLP), a subset of Artificial 

Intelligence (AI), holds significant promise for advancing 

healthcare through its integration into clinical decision 

support systems (1). By analyzing large volumes of 

unstructured clinical text, these systems use NLP to provide 

healthcare professionals with personalized recommendations, 

real-time alerts, and evidence-based insights, allowing them 

to enhance patient care (14). Although NLP has achieved 

substantial progress in tasks like automatic translation, virtual 

assistants, and healthcare applications, the complexity and 

nuances of human language continue to pose challenges for 

AI. However, clinical NLP (C-NLP) has become essential for 

improving doctor-patient communication and streamlining 

healthcare documentation processes (15). 

 

2.2 Clinical Documentation 

 

Clinical documentation is vital to modern healthcare, offering 

numerous advantages for patient care and the broader medical 

field. It acts as a key cognitive tool for clinicians, aiding them 

in organizing a patient’s case, pinpointing critical details, and 

supporting reasoning and decision-making (5,16). Also, it 

fosters collaboration among healthcare teams by promoting a 

shared understanding of cases and improving care 

coordination. Beyond its role in patient care, the extensive 

data captured in clinical documentation, such as medical 

issues, treatments, outcomes, and costs, are valuable for 

various other purposes, including research. 

 

2.3 NLP in Clinical Documentation 

 

Traditionally, clinicians gathered information about patient 

conditions through conversations, a practice that has evolved 

into systematic record-keeping with the introduction of 

clinical documentation tools. Modern Electronic Health 

Records (EHRs) manage vast clinical data. However, their 

implementation has created administrative burdens, primarily 

due to the extensive use of free-text formats that do not 

conform to structured information or coding frameworks like 

ICD-10 (International Classification of Diseases, tenth 

revision) and UMLS (Unified Medical Language System). 

This lack of standardization in EHRs complicates data 

retrieval, posing challenges for clinicians and contributing to 

burnout (13). Integrating natural language processing (NLP) 

into clinical decision support systems enhances healthcare by 

analyzing unstructured clinical text, such as medical records 

and physician notes. NLP extracts provide key insights, thus 

enabling context-aware recommendations, alerts, and 

evidence-based guidelines at the point of care (17). It helps 

healthcare providers make informed decisions, personalize 

patient care, and comprehensively understand medical 

histories and treatment options (18). 

 

Natural Language Processing (NLP) algorithms offer 

researchers tools to develop models that effectively 

understand, interpret, and extract valuable insights from 

textual data. By leveraging the power of Transformers and the 

bidirectional semantic architecture of BERT, the algorithms 

have achieved remarkable results in various NLP tasks (6). 

BERT’s ability to capture context from both directions is 

invaluable for advancing text analysis and enhancing our 

understanding of language (11). Variants of BERT, such as 

DistilBERT, BioClinicalBERT, BioBERT, and 

Bio+Discharge Summary, build upon the foundational 

architecture of BERT to enhance its performance for specific 

tasks or improve efficiency (10). These models refine 

pretraining strategies, adapt to domain-specific text, or reduce 

computational requirements while retaining BERT’s 

contextual understanding capabilities. 

 

 

Figure 1: NLP flow with components to process structured and unstructured clinical data 
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Figure 2: Flowchart of NLP integration in healthcare 

Decision-Making 

 

2.4 Enhancement of Clinical Decision Support Systems 

(CDSS) Through NLP 

 

Clinical Decision Support Systems (CDSS) are computer-

based tools that assist healthcare professionals, patients, and 

others by providing relevant, personalized information at the 

right time. These systems support a range of healthcare 

activities, including diagnosing diseases, predicting treatment 

outcomes, personalizing treatments, estimating patient 

prognosis, and prioritizing care based on risk (19). 

 

NLP’s integration into CDSS enhances healthcare delivery by 

extracting key information from unstructured clinical texts 

such as physician notes, radiology reports, and pathology 

reports. These systems provide clinicians with context-aware 

recommendations, alerts, and evidence-based guidelines. 

NLP algorithms analyze clinical narratives to identify 

symptoms, diagnoses, and medications, ensuring that crucial 

data is organized and accessible for accurate decision-making 

(3,10). 

 

2.5 Context-Specific Recommendations and Alerts 

 

NLP-powered CDSS can issue real-time alerts, identifying 

contraindications and potential risks, such as drug interactions 

or allergies. For instance, if a prescribed medication conflicts 

with a patient’s documented allergies, the system generates 

an alert to prevent harm. Additionally, these systems 

dynamically deliver evidence-based guidelines, ensuring 

clinicians access to the latest research and clinical best 

practices, thereby improving patient outcomes (3,10). 

 

2.6 Seamless Data Integration and Holistic Patient Views 

 

NLP bridges the gap between structured and unstructured 

data, synthesizing diverse data sources such as patient 

demographics, lab results, and clinical narratives. This 

holistic integration enables providers to anticipate 

complications, identify risks, and make well-informed 

decisions based on the most comprehensive and current 

information available, ultimately improving care efficiency 

and quality (20).  

 

NLP is transforming healthcare by alleviating the burdens of 

clinical documentation and enhancing clinical decision 

support. Its ability to extract, structure, and analyze 

unstructured clinical data reduces administrative workloads 

and improves diagnostic accuracy, patient safety, and 

treatment personalization. As NLP technologies advance, 

their potential to revolutionize healthcare documentation and 

decision-making will continue to expand, driving 

improvements in clinical outcomes and healthcare delivery 

(18,21). 

 

3. Research Questions 
 

This systematic review aims to explore the current 

applications of NLP in healthcare, focusing on its role in 

clinical documentation and decision-making. The review 

explored the current usage of NLP and its contribution to the 

efficiency and accuracy of clinical documentation. The 

review further explored the key clinical documentation and 

decision-making methods. The researchers have identified the 

following research questions based on the literature review.   

RQ1: How has NLP improved the efficiency and accuracy of 

clinical documentation in healthcare settings? 

RQ2: What are the transparency, trust challenges, and 

concerns of using NLP in clinical decision-making? 

RQ3: What are the novel approaches in NLP to improve 

transparency and trust in clinical decision-making? 

 

4. Methodology 
 

This systematic review has utilized the methodology 

presented by Tranfield et al. (22) to ensure transparency and 

objectivity while reporting recent progress in the literature 

review on the NLP’s usage in clinical decision-making. This 

systematic review aims first to identify how NLP has 

improved the efficiency and accuracy of clinical decision-

making within healthcare and advanced NLP techniques 

utilized for clinical notes summarization and decision-

making. 

 

This study follows the Preferred Reporting Items for 

Systematic Reviews and Meta-Analysis (PRISMA). 

PRISMA model allows for a comprehensive and transparent 

approach to systematic reviews and inclusion of relevant 

studies. Table 1 highlights the inclusion and exclusion criteria 

for the paper selection. Figure 3 describes the PRISMA 

approach taken for system literature review selection. 

 
Figure 3: PRISMA Flow Chart. Adoption from Page et al. 

(23) 
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4.1 Search Strategy 

 

This paper followed a systematic search strategy to answer 

the identified research questions and determine the relevant 

studies. The search terms utilized included “NLP in Clinical 

Decision Support,” “Clinical Decision Support,” “NLP for 

clinical documentation,” and a combination of words with 

and/or criteria to search for better results. The search criteria 

were applied to IEEE Xplore, Google Scholar, and PubMed 

to search for relevant articles. The authors selected studies 

published in the last 24 months to ensure the study covers the 

advancement in fast-moving machine learning and AI space.   

 

4.2 Data Extraction and Analysis 

 

Data extraction utilized a thoughtful analysis of individual 

papers to identify the relevancy of research questions. The 

study considered the research subject as the key criteria and 

extracted the studies based on relevancy with abstract, title, 

authors, and research technique. Key findings and 

methodological details were also collected. The retrieved data 

was classified into themes or subjects related to the study 

questions throughout the data analysis phase. 

 

4.3 Validity 

 

The study performed a literature review to answer the 

identified research questions. The validity and depth of the 

review paper are equally important, and to ensure validity, 

Shaheen et al. (24) have recommended using multiple 

databases, screening articles, and corroborating the findings 

with other well-established sources.  

 

4.4 Inclusion and Exclusion Criteria 

 

Table 1 defines the inclusion and exclusion criteria utilized 

during the study for research and filtering out the selected 

papers. Inclusion and exclusion criteria are extremely helpful 

in narrowing down the relevancy of suitable papers for the 

study. 

 

Table 1: Inclusion and Exclusion Criteria 
Inclusion Criteria Exclusion Criteria 

Papers published in the last 24 

months 

Papers unrelated to the research 

question. 

Peer-reviewed papers published in 

journals or presented in 

conference papers. 

Paper written in languages 

other than English. 

Papers using English as the 

language for NLP analysis. 

Paper using languages other 

than English for NLP analysis. 

Papers using various NLP models 

for analysis purposes. 

Papers using non-NLP models 

for analysis. 

Papers focused on clinical 

documentation using one of the 

NLP techniques for decision 

support. 

Papers not directly related to 

healthcare or decision support. 

 

5. Results and Discussions 
 

The earlier literature review and methodology sections 

provided empirical evidence of NLP usage and its wider 

adoption in clinical decision-making. The results and 

discussion section provides an in-depth exploration of the 

findings related to the research questions posed in the study. 

The study is organized into four distinct parts; the first section 

provides the various keywords associated with the research 

papers. The second section offers discussions to answer the 

research questions. The third section discusses the challenges 

and limitations of the research paper, and the fourth section 

offers the gaps and direction for future researchers. 

 

5.1 Overview of Included Studies 

 

Table 2 summarizes the keywords from the identified 

literature and their frequency. The table provides a strong 

indicator of how NLP is being utilized in clinical 

documentation for various purposes. 

 

Table 2: Summary of Keywords and Frequency in the 

documentations 

Keyword Frequency 

Natural language processing 78 

Medical services 53 

NLP 40 

Transformers 38 

Deep learning 32 

Training 30 

Biological system modeling 28 

Computational modeling 26 

Data models 23 

Predictive models 22 

 

5.2 Discussions 

 

NLP is revolutionizing clinical documentation by automating 

labor-intensive processes, ensuring data accuracy, enhancing 

interoperability, and supporting data-driven decision-making. 

NLP integration into healthcare workflows improves 

documentation quality and drives efficiencies that enhance 

patient care, safety, and outcomes. The results and discussion 

section provides an in-depth exploration of the findings 

related to the research questions posed in the study.  

 

• RQ1: How has NLP improved the efficiency and accuracy 

of clinical documentation in healthcare settings? 

 

In the last decade, Natural Language Processing (NLP) has 

significantly improved clinical documentation in healthcare, 

automating transcription and enhancing data integrity. 

Techniques like pseudo-labeling have reduced the time and 

resources needed for manual assessment (Xu et al., 2023). 

This automation decreases documentation time and helps 

alleviate clinician burnout, allowing healthcare providers to 

prioritize patient care over administrative tasks (2,3,25). NLP 

systems are highly effective in extracting clinical information 

from unstructured data sources like physician notes, ensuring 

that key details such as diagnoses, medications, and 

demographics are accurately captured in electronic health 

records (EHRs). This enhancement improves data 

completeness and accuracy, which is vital for reliable and 

actionable health records. By reducing human error, NLP 

supports clinical decision-making and aids research efforts, 

further demonstrating its value in healthcare (3,16). 

Comprehensive clinical documentation aids clinical decision 

support systems, population health management, and research 

efforts, further amplifying NLP’s value.  

 

The research by Berloco et al. (2023) indicates that NLP 
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algorithms can map clinical language to standardized coding 

systems like ICD-10 and SNOMED CT, ensuring consistency 

and interoperability across healthcare institutions. This 

standardization is essential for efficient data exchange and 

compliance with regulatory requirements, benefiting value-

based care models by improving analytics for performance 

indicators. NLP models also detect errors and inconsistencies 

in clinical documentation, which enhances the integrity of 

patient records (16,26). By flagging potential issues in real 

time, NLP helps reduce medical errors and supports clinical 

decisions, particularly in complex cases where accuracy is 

directly linked to patient outcomes. Additionally, NLP 

synthesizes large volumes of clinical text into concise 

summaries that highlight key findings, facilitating quicker 

information retrieval for clinicians and enhancing 

communication and continuity of care (27). It also contributes 

to predictive analytics by improving the datasets available for 

machine learning models, which can identify trends and 

support population health initiatives (16,25). As NLP 

technologies continue to develop, their impact on clinical 

documentation and healthcare processes is likely to grow, 

offering new opportunities for innovation. 

Table 3: Outlines a summary of the research and respective algorithms and accuracy 

Authors Accuracy Algorithm Key Findings Limitations 

J. Wu et al., 2023 96.04% Word2Vec Semantic relationship, contextual representation 
Limited to basic ML models and 

utilized the EDAIC dataset only. 

Xu et al., 2023 89.11% DeBERTa Attention-driven, best for sequential data No limitations mentioned 

Arqam et al. 2023 92.65% CharacterBERT 

Combined BERT and CHARACTER-BERT 

embeddings achieved an F1 score of 92.65% in 

identifying cardiovascular disease risk factors from 

EHRs. 

Future research will explore deep 

learning and ensemble learning for 

improved risk assessment. 

Sudarshan et al., 

2023 
95% BioBERT 

Pretrained on clinical text, superior due to 

understanding terminology and relationship 
BioBERT is resource intensive. 

Chang et al., 2024 97% LLMs 
LLMs are performing better than the specialized 

domain-trained model 
Slower than the pre-trained model 

Belkadi et al., 2023 97% TransformerCRF 

TransformerCRF is slightly lower than the 

specialized models by .03%. However, it lacks 

specialized training and has fewer parameters, 

making it much more efficient. 

Ethical concerns and bias in decision 

making. 

Kalavathi et al. 92% 

PubMedBERT, 

BioBERT, 

DeBERTa 

PubMedBERT and BioBERT were effective for 

extractive summarization of clinical text, 

outperforming DeBERTa. 

Requires further fine-tuning on 

specific healthcare domains. 

Exploration of other summarization 

approaches is needed. Hybrid and 

graph-based methods are 

recommended. 

A.A. Funkner et al. 91% 
RuBERT, SBERT 

(Sentence-BERT) 

RuBERT achieved the highest accuracy for 

symptom extraction from Russian medical notes. 

SBERT performed best for precision and F1-score. 

No limitations mentioned 

After a thorough literature review, it’s evident that NLP 

employs various techniques for automated clinical note 

generation and summarization. A key technique is named 

entity recognition (NER), which identifies and extracts 

entities such as medical conditions, medications, and 

procedures (28–30). NER streamlines information extraction 

from unstructured clinical notes, highlighting critical data 

points like symptoms and treatments. Another method is Term 

Frequency-Inverse Document Frequency (TF-IDF), which 

extracts key terms based on their frequency and significance 

(16). Authors Pal et al. (31) and Sreenivasgoud et al. (16) 

emphasized relationship extraction, identifying connections 

between medical entities. Techniques like word embeddings 

capture semantic relationships, enhancing information 

accuracy (16). Researchers like Ananthajothi et al. (32) have 

also noted temporal analysis for its role in analyzing disease 

progression and treatment timelines. Summarization 

techniques have been widely discussed by Ji et al. (2024) and 

others to condense lengthy clinical notes into concise 

summaries. Recently, large language models such as GPT-4 

and others have gained attention for generating clinical notes 

from doctor-patient conversations. Researchers including J. Li 

et al. Ji et al. (2024) and Mahalaskhmi (27) have explored 

these models for their effectiveness in text generation.  

 

Table 4: NLP Techniques utilized by different studies 
NLP Techniques Count 

NER 70 

BERT 50 

Deep Learning 43 

Transformer 39 

BioBERT 32 

GPT 12 

LLM 11 

Clinical BERT 6 

Word2Vec 3 

 

• RQ2: What are the transparency and trust challenges and 

concerns of using NLP in clinical decision-making? 

  

The study’s findings highlight transparency, trust challenges, 

and concerns in using NLP in clinical decision-making, 

especially with deep learning models. Due to the nature of 

NLP models and the complexity involved, they operate as a 

black box where it is possible to have a higher accuracy score 

in decision-making (25,34). However, the decision-making 

process and criteria to arrive at a decision are difficult for 

healthcare professionals to interpret, causing a trust deficit in 

the recommendations (25). Authors Zhou et al. (2024) have 

highlighted the interpretability and explainability concerns 

where the model makes certain decisions based on patterns 
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and associations of different data points from the clinical 

notes. Several authors have discussed data privacy and 

security concerns while using patient data for training 

purposes (3,25,35,36). The data privacy and security 

challenges could aid in data breaches and privacy violations. 

 

Table 5: Transparency and Trust challenges highlighted by 

various studies 

Authors Year Transparency, Trust Challenges, and Concerns 

Jennifer A. 

Salvi et al. 
2023 

Limited transparency in how NLP/ML systems 

identify and extract PRO data from EHRs can 

impact trust in the findings. The lack of access 

to the extracted data further limits transparency 

and the ability to independently verify results. 

Kalavathi et 

al. 
2023 

While effective, the complexity of BERT-based 

models can make it challenging to understand 

their decision-making processes, hindering 

transparency and trust in the generated 

summaries. 

A.A. 

Funkner et 

al. 

2023 

While RuBERT achieved high accuracy in 

symptom extraction, its inner workings remain 

opaque, potentially limiting trust in its outputs 

for clinical decision-making. 

Ahne, A et 

al. 
2022 

The “black box” nature of BERT models 

necessitates developing techniques for 

interpretability and explainability to foster trust 

in their applications for clinical decision 

support. Data privacy and security concerns, as 

well as potential biases, need careful 

consideration. 

Hankook 

Lee et al. 
2023 

The study highlights the need to integrate 

transparency and trust mechanisms to ensure the 

responsible use of the extracted alcohol-related 

information in clinical settings. 

Amna Iqbal 

et al. 
2023 

Combining BERT and CHARACTER-BERT 

embeddings, while achieving high accuracy, 

may further obscure the model’s reasoning, 

potentially hindering trust and transparency in 

cardiovascular risk assessment. 

 

It goes without mentioning that addressing the challenges of 

transparency and trust is critical for the successful adoption of 

NLP in clinical decision-making. By developing more 

interpretable models, ensuring data privacy and security, 

mitigating biases, and improving generalizability, researchers, 

and developers can pave the path for trustworthy and reliable 

NLP-driven healthcare solutions that enhance patient care and 

clinical outcomes. There is a greater need for researchers and 

developers to prioritize transparency and trust when building 

these NLP models for clinical insights and decision-making. 

The next section discusses the various approaches to address 

the block box nature and enhance interpretability and 

explainability for responsible and trustworthy clinical 

decision support. 

 

• RQ3: What are the novel approaches in NLP to improve 

transparency and trust in clinical decision-making? 

 

Maintaining transparency and trust in NLP-powered clinical 

decision-making is imperative for ensuring patient safety. 

Transparency and trust are needed to uphold ethical standards, 

comply with regulatory requirements, and facilitate ongoing 

improvement. Several novel approaches have been proposed 

to improve transparency and trust in clinical decision-making. 

The approaches are categorized into two main types: 1) 

Improve the interpretability of models and 2) Enhance the 

trustworthiness of models. 

 

One of the approaches proposed to improve interpretability is 

combining expert-based systems in machine learning (16,37). 

This hybrid approach allows for the development of models 

that leverage expert knowledge and clearly defined rules while 

incorporating machine learning’s ability to learn from data. 

Another emerging approach to trustworthiness is explainable 

AI, which combines multiple disciplines of machine learning, 

such as attention, feature importance, and scenario 

simulations, to explain the decision-making process (3). Both 

of these approaches allow for transparency in learning and 

model reasoning to enhance trust in NLP systems, enabling 

clinical decision-making with confidence (37). 

 

Healthcare is a unique area with complex terminology and 

concepts. By grounding the model’s understanding in 

established medical concepts, terminology, and ontologies, it 

is possible to instill more confidence in clinicians during 

decision-making (34). The inclusion of prompt engineering to 

understand reasoning and evaluation of trustworthiness can 

improve reliability, fairness, and explainability. Ultimately, 

the choice of approach depends on the specific NLP 

application and the clinical context. Combining multiple 

approaches leads to the most robust and trustworthy NLP 

systems for clinical decision-making.   

 

Table 6: Approach to improve transparency and trust by 

different studies 

Authors Approach to Improve Transparency and Trust 

Sharaf & 

Anoop, 2023 

(38) 

Domain Knowledge Integration: BioBERT is pre-

trained on a vast biomedical corpus, enhancing its 

understanding of medical language and improving 

trust by grounding decisions in established 

medical concepts. 

Berloco et al., 

2023(39) 

Hybrid Model: Combines rule-based systems and 

machine learning, leveraging expert knowledge 

and data-driven insights for increased transparency 

and accuracy. 

Srivastava et 

al., 2023 (20) 

Comprehensive Evaluation and Multi-faceted 

Approach: Emphasizes a holistic approach 

including NLP, continuous monitoring, and data 

integration to provide a more complete and 

transparent view of patient data for decision-

making. 

Zhou et al., 

2024(25) 

Clinical Decision Support Systems based on 

Question Answering: Focuses on systems that 

mimic natural patient-provider communication, 

leading to improved interpretability and trust due 

to their familiarity and alignment with traditional 

clinical workflows. 

Sreenivasgoud 

et al., 2023(16) 

Combining Multiple NLP Techniques: Explores 

the use of TF-IDF, Word2Vec, NER, and LDA to 

provide a more comprehensive understanding of 

patient data, enhancing transparency by 

highlighting the strengths and limitations of each 

method in the decision-making process. 

Haddad et al., 

2021(26) 

Automated Prescription Evaluation System: 

Utilizes text analysis algorithms to assess the 

compliance of doctor prescriptions with 

established standards, improving transparency by 

providing clear visualizations and tables 

comparing predicted outputs with standard values. 
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Explainable AI (XAI) also aims to make the operations of AI 

systems transparent, interpretable, and comprehensible to 

humans. XAI in Natural Language Processing (NLP) aims to 

make model decisions more transparent and interpretable. By 

using techniques like attention mechanisms and rule-based 

systems, XAI highlights the key input elements that impact a 

model’s outcomes, enhancing our understanding of AI 

behavior and decision-making. It is crucial for grasping a 

model’s reasoning and building trust in AI applications. XAI 

can also reveal biases in AI systems, shedding light on their 

workings. 

 

5.3 Challenges and Limitations 

 

Most literature has discussed the importance of large, high-

quality datasets for effective training of the NLP models. 

Though training is crucial, obtaining labeled data in the 

healthcare domain is critical for higher accuracy. Labeled data 

has several challenges due to concerns around privacy, the 

complexity of medical information, and the massive effort 

required for manual annotation (3,17,20,25,26,40). Another 

limitation that emerged from the research was medical 

language complexity and ambiguity. There is a consensus 

among researchers that medicine is highly specialized and 

nuanced, making it difficult for NLP models to accurately 

interpret clinical text (3,25). Other researchers have 

highlighted the difficulty in handling the inconsistent formats 

and structure that make it hard for NLP models to identify 

similar information consistently. 

 

Modern clinical documentation has undergone significant 

advancements, now incorporating not only patient narratives 

but also an extensive array of diagnostic tests and medical 

data. This growing complexity highlights the necessity for 

robust Electronic Medical Records (EMRs) and Electronic 

Health Records (EHRs) (3,5,26). However, many of these 

systems face challenges in effectively managing and 

integrating the increasing volume of patient information. 

Issues related to interoperability, usability, and data overload 

frequently impede their capacity to facilitate clinical decision-

making and optimize workflow processes. Addressing these 

challenges is essential to fully leverage the potential of these 

systems in enhancing patient care and administrative 

efficiency (13). 

 

Ethical considerations and patient privacy are significant 

concerns when using NLP models to analyze patient data (3). 

While NLP models have demonstrated their effectiveness in 

extracting and summarizing standard clinical documentation 

and serving specialized purposes, there are still worries about 

their generalizability and transferability across different 

healthcare settings and patient populations. 

 

5.4 Current Gaps and Future Research Directions 

 

Several gaps have been identified in previous research based 

on the points discussed in the results and discussion section. 

These include addressing issues such as data sparsity and 

domain-specific language variations to enhance the reliability 

and generalizability of NLP models (3). Additionally, the 

availability of limited data due to privacy concerns and the 

high costs of annotation, along with the nuanced medical 

language, specific domain terminologies, and context 

sensitivity, are areas that require further investigation 

(17,25,26). As with other machine learning and artificial 

intelligence applications, future research has significant 

potential to address ethical considerations in healthcare, where 

data privacy is critical and biases towards vulnerable 

populations are unacceptable. Future studies should focus on 

developing a standardized ethical framework for NLP usage 

in healthcare. Such a framework would promote transparent 

data handling, reduce bias in models, and minimize disparities 

in healthcare outcomes. Another important area for future 

research is using multimodal and longitudinal data to provide 

holistic and accurate insights into healthcare.  

 

In clinical decision-making the success of ML systems hinges 

on the quality of their training data. Addressing biases and 

gaps in healthcare data is critical for improving the reliability 

and accuracy of predictive models. Current limitations in data 

representativeness, such as underrepresentation of certain 

populations or incomplete patient histories, can lead to 

skewed predictions and inequitable outcomes. Bridging these 

gaps is essential to ensure that AI systems deliver fair and 

accurate insights. (Antoniadi et al., 2021). 

 

6. Conclusion 
 

This research examines the transformative impact of Natural 

Language Processing (NLP) on improving clinical 

documentation and automating the generation of clinical 

notes. The findings show that NLP has significantly enhanced 

the efficiency and accuracy of clinical documentation by 

reducing manual data entry, improving data completeness, 

and standardizing medical information. By automating tasks 

such as clinical note summarization and transcription, NLP 

has lessened the administrative workload on clinicians, 

allowing them to concentrate more on patient care. 

Additionally, the study emphasizes important NLP 

techniques, such as deep learning models and transformer 

architectures, that facilitate automation in clinical 

documentation. These techniques enable the extraction of 

crucial information from unstructured clinical texts, 

supporting real-time decision-making and personalized 

patient care. 

 

Despite recent advancements, challenges remain regarding 

transparency and trust in NLP-based decision-making. This 

study has explored various approaches to improve the 

understanding of how NLP models make decisions, such as 

explainable AI (XAI) and the integration of expert systems 

within these models. Enhancing transparency and trust in AI-

based decisions is crucial. Future research should focus on 

addressing ethical concerns, including data privacy and bias. 

NLP has significant potential to transform healthcare 

documentation by providing more efficient, accurate, and 

context-aware solutions that improve clinical outcomes and 

streamline healthcare delivery. 
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