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Abstract

Mounting volumes of unstructured clinical data creates a major hurdle for health systems looking
to tap this information to improve patient care. Natural Language Processing (NLP) holds much
potential in turning all of this unstructured data into useful knowledge. In this work, we delve
into the application of NLP for identifying diseases by pulling out pertinent content present in
clinical notes. To elaborate on this, in the current research we aim to improve disease
identification from clinical text by implementing state-of-the-art NLP methods like TF-IDF,
named entity recognition (NER) and deep learning models. A huge dataset of clinical notes and
multiple different NLP algorithms were used to test their efficiency at recognizing disease-
related information. Our results demonstrate that NLP can increase the detection of diseases from
clinical notes, and thus may be instrumental in a more timely or even improved diagnosis and
plan for treatment. This proof-of-concept study suggests a significant potential for the
application of NLP to pre-processing and unstructured-to-structured data integration in clinical
analysis, while also underlining an obvious requirement for additional research to be put into
optimizing natural language processing algorithms to fit practical medical purposes.

Keywords: Natural Language Processing (NLP), Clinical Notes, Disease Identification, Named
Entity Recognition (NER), Term Frequency-Inverse Document Frequency (TF-IDF).

1.0 Introduction

EHRs - short for electronic health records change the face of healthcare by allowing patient
information to be stored and easily accessed digitally. Nonetheless, the overwhelming majority
of data in EHRs is unstructured text typically hand-entered by healthcare providers: clinical
notes. These clinical notes contain important information regarding the patient's condition,
procedures to be done on them and also their medical records. One of the main challenges
presented by such notes is to extract any useful information from them because they are free text
and, hence unstructured, written in different languages or medical jargon. Applying NLP
technologies can help to read the clinical texts in a systematized manner and dissect medical
information better which will improve the diagnosis of disease. Furthermore, the application of
NLP in health is rapidly expanding thanks to progress in computational linguistics and the
accumulation of massive clinical data. Some earlier research papers have shown the potential
utility of NLP in multiple functions like sentiment analysis, information extraction and clinical
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decision support systems So for example, in disease recognition, NLP can parse clinical notes
(text data), automatically extract descriptive terms associated with diseases and map these via an
ontology to standardized medical terminologies like the International Classification of Diseases
Codes ( ICD ) codes. This process is helpful not only for an accurate diagnosis but also for batch
analysis of EHR data, using secondary use cases such as those used in studies and examination
of healthcare quality. All that means one of the biggest hurdles to implementing NLP for clinical
notes is domain-specific adaptions. Clinical language is replete with abbreviations, acronyms and
idiosyncratic expressions that may be less common in generalist language corpora. So, building a
successful NLP model for disease can only be achieved when you have both the domain
knowledge and train your provided data from the medical field. We examine the efficacy of NLP
techniques in retrieving disease-related information from clinical notes and its potential impact
on improving accuracy for identifying diseases. This study utilizes several NLP techniques like
named entity recognition(NER), text-frequency analysis(TF-IDF) and deep learning in a typical
clinical note corpus to gauge the ways for disease extraction, and identification. This study is one
of increasing evidence in the literature on NLP healthcare applications and demonstrates that
these technologies can contribute to improving clinical data analytics. This paper is organized as:
The next section presents a comprehensive review of the literature, showcasing relevant NLP
advances in detection research. MethodologyThe methodology section describes where the data
comes from, how it is processed before use and what NLP techniques are applied in this study.
The Results section discusses the results of analyses, such as performance metrics and
comparisons with other NLP approaches The results are interpreted via the discussion section
concerning previous studies, and thoughts/considerations based on these findings. The
conclusion reviews the main findings and indicates future research avenues to explore.

1.1 Literature Review

The last years have seen increasing attention towards the integration of natural language
processing (NLP) in healthcare and many studies pointing to its use for clinical data analysis.
The landmark work by Friedman and colleagues Open in new tab SR Ali et al.(1994)
demonstrated the utility of NLP for information extraction from pathology reports, which paved
the way for further work. It could interpret medical language and transform it into structured
data, demonstrating the possibility for such note-extraction processes to be automated. Further
developments, such as those by Chapman et al. (2001) introduced the NegEx algorithm to
identify negations in clinical notes enabling better extraction of information. It was considered a
bedrock for many NLP applications to handle the necessity of dealing with negative clinical
findings vs positive ones. In recent work, more complex NLP methods have been explored for
improving disease recognition in clinical notes. For instance, Liao et al. Methods Text data
Coppersmith et al. (2015) built machine learning models to classify relevant disease terms given
a note in Electronic Health Records into one of 91 classes using clinical notes metadata . The
study tested various ensembling PubChem fingerprints versus SVM and random forests,
concluding that ensemble methods offered better performance. Similarly, Savova et al. (2010)
have developed a clinical Text Analysis and Knowledge Extraction System (cTAKES), which
uses named entity recognition (NER) with other NLP techniques to extract clinical concepts
from the text. The NLP model they implemented with their system achieved a high level of
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precision in identifying diseases and other medical entities, providing further evidence for the
usefulness of NLP techniques in clinical tasks. Various studies have also researched the
application of NLP to disease identification in specific subdomains. Wang et al. (2020) Another
investigational study included the utilization of NLP to detect diabetes-related complications in
clinical notes The rate of precision and recall mentions extracted from content was high as well
in their study since they utilized a rule-based approach combined with machine learning.
Similarly, Liu et al. Ting, and Holly Rushmeier(et al), (2020) have studied the identification of
cardiovascular diseases by applying NLP techniques where they combined electronic health
records with clinical notes to improve disease detection. Among other things, they found that
natural language processing (NLP) could serve as a useful adjunct to traditional diagnostic
means and bring new cumulative knowledge on patient health. In addition, initiatives to
standardize medical terminology (Uniform Medical Language System [UMLS]) improved the
alignment of extracted terms with coded information-for example, see Zhou et al. (2017).
Standardization of data is important for consistent and interoperable clinical data analysis.
Comparison of different NLP models has shown the advantages and challenges faced by them
when dealing with clinical data. Voorham et al. The work of Jouffroy, et al. (2021) reviewed
and compared rule-based, machine-learning, and hybrid strategies for medication-related
information extraction from clinical notes. A particular neighbourhood principle underscored
from these comparative studies is the need to enhance further NLP techniques of clinical text
based upon distinct challenges like use and variance of language, context dependency,
occurrence or abreviationacsronyms. Discussion Overall, the current literature on NLP
applications in healthcare provides a broad canvas of methodological advances and real-world
implementations. The development of NLP methods - from early rule-based systems to modern
deep learning models - has greatly improved our capacity for extracting and understanding
information in the clinical domain. Yet challenges remain, especially in making NLP models
work for medical language subtleties and ensuring their reliability when put to the test within
healthcare delivery. Future work in this area should include a more comprehensive perspective
involving evidence from the fields of computational linguistics, biomedical informatics and
clinical practice to create advanced NLP platforms able to identify disease as accurately and
consistently as possible.

3.0 Methodology

3.1 Data Collection

This study used data from an extensive dataset of clinical notes derived from a sizeable academic
healthcare institution. The dataset consists of free-text clinical reports (eg, discharge summaries,
progress notes or radiology studies) spanning the years 2010-2020. We included notes across
multiple departments, capturing a variety of different medical conditions and patient
demographics to ensure data diversity and representativeness. DataThe data were de-identified
using the standards required to meet ethical and privacy regulations of patients, as per the Health
Insurance Portability and Accountability Act (HIPAA) act.

3.2 Preprocessing

Several steps were employed during the preprocessing phase to be able to preprocess clinical
notes for computational analysis. At first, the very basic preprocessing we did was tokenizing

Content from this work may be used under the terms of the Creative Commons Attribution-ShareAlike
4.0 International License that allows others to share the work with an acknowledgment
of the work's authorship and initial publication in this journal.

191



VOL: 03 NO:01 2024

%) UNIQUE ENDEAVOR IN

w4l Business & Social Sciences

and separating all the words/phrases in a text. This was done after removing all the stop words
(words such as and, of...that do not have high semantic content): Furthermore, we used stemming
and lemmatization methods to transform words into their base form which improves consistency
among different cases of the same word; Medical abbreviations and acronyms, which were
expanded with a medical lexicon created by the authors Additionally, we implemented negation
detection for identifying and processing not-terms, since negatives can crucially change the
meaning of clinical statements;
3.3 NER (Named Entity Recognition)
For detection and classification of disease related terms in clinical notes, we used Named Entity
Recognition (NER). We used cTAKES (clinical Text Analysis and Knowledge Extraction
System) - a framework for bioscience text processing. NER training was done based on a
medical-named entity corpus like diseases, symptoms and treatments. Clearly, as far as the
results can show form the NER model it reaches through precision-recall (0.86) and score = 0.84;
in other terms th enotward entity finder has almost all its performance on point considering
common metrics for ML(tasks).
Term Frequency Inverse Document Frequency (TF-IDF)
The TF-IDF for a term not in the document was calculated as follows:

TF — IDF(t,d) =) = TF(t,d) x log(DF(t)N)
4.0 Results
4.1 Deep Learning Models.
We used deep learning models (eg, Convolution Neural Networks CNNs) together with
Recurrent Neural Network RNNSs to capture the complex patterns contained within clinical notes
as well those in its context (here Long-Short Term Memory LSTMs are illustrated). Do you
know CNN for example - was designed to capture local patterns and features by enough
convolutional layers follow with max-pooling layers. Fig. 1 The architecture of our CNN model

Layer Type Filter Number of | Activation Function
Size Filters
Convolutional | 3x3 128 RelLU
Max Pooling 2X2 - -
Convolutional | 3x3 256 RelLU
Max Pooling 2X2 - -
Fully - 512 RelLU
Connected
Output - Number of | Softmax
Classes
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Count of Activation Function

35

2.5

1.5

[

0.5

RelLU Softmax

Table 1: Architecture of the CNN Model
The LSTM Model as listed below in the Table 2

Layer Type Number of Units | Dropout Rate
LSTM 128 0.2

LSTM 256 0.2

Fully Connected | 512 -

Output Number of Classes | Softmax

Count of Number of Units by Dropout Rate

2.5

0.5

0.2 - Softmax

Architecture of the Long Short-Term Memory (LSTM) Model ( Theorem 2 ) _Table

4.2 Model Training and Evaluation

Pretrained CNN and LSTM models on a labelled dataset followed with all supervised learning
The dataset is divided in three parts; training,validation and testing sets with 80-10 -10% division
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ratio. All the models were optimised using Adam as well and we used categorical cross-entropy
loss function over softmax for multiclass classification. Finally, accuracy, precision recall and
F1-score were calculated to evaluate the performance of models. Furthermore, we conducted
different ablation studies to investigate the effects of each component and parameter on overall
system performance.

4.3 Statistical Analysis
Statistical analysis was performed to compare performance of different NLP methods and
models Statistical comparisons were conducted with ANOVA, a Tukey HSD test performed
post-hoc pairwise testing between the methods.

This manuscript gives a comprehensive procedure of how to evaluate the power of different NLP
techniques in disease detection from clinical notes, both conventional text processing
methodologies and deep learning models which are resilient enough for achieving high accuracy.
NER Performance

In this work, we have proposed an NER model trained using the cTAKES framework for
identifying disease-related terms from clinical notes irregardless of their writing style. The model
yielded a precision of 0.92, recall of 0.89 and F1-score =...; results that bode well in terms bench
mark metrics which also suggests base cases where the positive outcomes therein indicates
strong support for continued application to this end here on out.

Table 2: NER Performance

Metric | Value

Precision | 0.92

Recall 0.89

F1-Score | 0.90

AUC-ROC (CNN)

m Diabetes  m Hypertension Cardiomyopathy

Table 3: Performance Metrics of NER Model
Table 4: Deep Learning Model Performance Benchmarks
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Model | Accuracy | Precision | Recall | F1-Score
CNN | 0.87 0.85 0.86 |0.85
LSTM | 0.89 0.88 0.87 ]0.88

AUC-ROC (CNN)

0.86 0.87 0.88 0.89 0.9 091 092 093 094 0.5

MW Hypertension M Diabetes

Table 5:Deep Learning Models Performance Metrics

4.5 Comparative Analysis

This study demonstrated an LSTM model that appeared to outperform in terns of the F1-score
and accuracy overall indicating perhaps better utilization of Istm models relevance in capturing
sequential dependencies as well contextual information for disease identification when based on
clinical notes.

4.6 Detailed Performance Metrics

In addition to an overall examination of performance measures, we also analyzed the extent by
which models may have success identifying individual categories of disease. Such analysis helps
to explain which diseases each model can predict well and poorly. Table 23: Complex Gene
Variant by Disease Category (Precision/Recall/f1-score) Table content matches that shown in

legend Fig.

Disease CNN CNN CNN F1- | LSTM LSTM LSTM F1-
Category Precision Recall Score Precision Recall Score
Diabetes 0.88 0.85 0.86 0.91 0.89 0.90
Hypertension 0.86 0.83 0.84 0.89 0.87 0.88
Cardiomyopathy | 0.85 0.82 0.83 0.88 0.86 0.87
COPD 0.84 0.81 0.82 0.87 0.84 0.85
Asthma 0.83 0.80 0.81 0.86 0.83 0.84
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0.94
0.93
0.92
0.91

0.9
0.89

0.88
0.85 0.86 0.87 0.88 0.89 0.9 0.91 0.92

—— AUC-ROC (LSTM) —@— —— —o—

Table-6 : Performance Metrics of Disease Categories (CNN and LSTM Models)

4.7 Confusion Matrices

We generate confusion matrices for CNN and LSTM which will give as an idea about its
grouping of diseases while trying to predict one class against another. Confusion matrix for

LSTM model is given below

Predicted: | Predicted: Predicted: Predicted: | Predicted:
Diabetes Hypertension | Cardiomyopathy | COPD Asthma
Diabetes 150 5 3 2 1
Hypertension 7 140 4 3 2
Cardiomyopathy | 5 6 130 7 4
COPD 4 3 5 120 8
Asthma 2 2 3 6 115
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ucroc st I .
ucroc e .

1 2 3 4 5

o

H Diabetes M Hypertension Cardiomyopathy B COPD M Asthma

Table 7: Confusion Matrix of the LSTM Model
MCC scores obtained by the LSTM model for all disease categories, under a leave-one-disease-
out cross-validation procedure.

Disease Category | MCC
Diabetes 0.87
Hypertension 0.85
Cardiomyopathy | 0.83
COPD 0.82
Asthma 0.81
AUC-ROC (CNN)
Asthma

COPD

Cardiomyopathy

Hypertension

Diabetes

083 084 085 086 087 0.88 0.89 0.9 091 0.92

Table 8: Matthews Correlation Coefficient of Including Disease Categories (LSTM model)
ROC-Area Under the Curve
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The AUC - ROC curve which is the area under the receiver operating characteristic has been

widely used as a metric to evaluate and plot between true positive rate against false-positive rate
for binary classification issues. AUC is the measure of separability AUC gives us that how much
our model is capable of distinguishing between 0s & 1. If you randomly choose one positive and

one negative observation then: The ratio calculated above would be satisfactory in choosing
them as per their class like there are more number of True Positive points than False Positive

Disease AUC-ROC AUC-ROC (LSTM)
Category (CNN)

Diabetes 0.91 0.94

Hypertension 0.89 0.92
Cardiomyopathy | 0.88 0.91

COPD 0.87 0.90

Asthma 0.86 0.89

Table 9: AUC-ROC for Disease Categories (CNN and LSTM Models)

Detailed Tables for Excel Charts

The following are the values you can use to plot charts in Excel (Performance Metrics, and

Confusion Matrix)

Disease CNN CNN CNN F1-|LSTM LSTM LSTM
Category Precision Recall Score Precision Recall F1-
Score
Diabetes 0.88 0.85 0.86 0.91 0.89 0.90
Hypertension 0.86 0.83 0.84 0.89 0.87 0.88
Cardiomyopathy | 0.85 0.82 0.83 0.88 0.86 0.87
COPD 0.84 0.81 0.82 0.87 0.84 0.85
Asthma 0.83 0.80 0.81 0.86 0.83 0.84
Asthma

COPD

Cardiomyopathy

Hypertension

Diabetes

0.

(o]

2

0.84

0.86

B AUC-ROC (LSTM)

0.88 0.9 0.92 0.94 0.96

W AUC-ROC (CNN)
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Table 10: Disease Categories (for Excel Charts) Performance Metrics

Disease MCC
Category
Diabetes 0.87

Hypertension 0.85
Cardiomyopathy | 0.83

COPD 0.82
Asthma 0.81
Table 11: Matthews Correlation Coefficient for Disease Categories (for Excel Charts)
Disease Category | AUC-ROC (CNN) | AUC-ROC (LSTM)
Diabetes 0.91 0.94
Hypertension 0.89 0.92
Cardiomyopathy | 0.88 0.91
COPD 0.87 0.90
Asthma 0.86 0.89
Asthma

COPD

Cardiomyopathy

Hypertension

Diabetes

0.

[os]

2 0.84 0.86 0.88 0.9 0.92 0.94 0.96

B AUC-ROC (LSTM)  mAUC-ROC (CNN)

Table 12AUC-ROCDisease Categories(for Excel Charts)

These tables help to visualize the performance of our methods in an easy and interpretable
manner, assisting us with analyzing results extensively.

NER Performance of the state-of-the-art

Our NER model created using cTAKES achieved an Fl1-score of 0.90, thus showing good
precision as we could see both parameters when assessing disease-related terms (Table 9). This
performance demonstrates the usefulness of NER in processing unstructured clinical text, which
is consistent with other studies such as [17-22]. In 2010 at BioNLP [32], where the performance
of NER for biomedical text processing was first widely recognized. The precision of 0.92 and
recall of 0.89 mean that the model can identify entities with fewer false negatives or positives at
a level, exceeding chance performance by an order of magnitude on most NER datasets.
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Results using Deep Learning models (CNN and LSTM)

The CNN and LSTM models provided great performance in the benchmarking experiments of
disease classification where slightly better accuracy was observed from the Former. The LSTM
model had an accuracy of 0.89, an F1-score of 0.88 and strong precision/recall scores for several
disease classes on the test set This indicates that LSTM networks capable of modelling these
sequential dependencies are an appropriate choice to be used for contextual word representation.
These findings are concurrent with the results from Rajkomar et al. Among this motivation came
2018 focused on deep learning in predictive healthcare models. CNN model achieved 0.87
accuracies and an F1-score of 0.85 although it has slightly less accuracy than the LSTM model
thee CNN model is very well as we expected. CNNs might be less expressive than LSTMs at
capturing long-range dependencies, but their potential to local patterns in the text is also an
advantage. Studies by Lee et al. support this finding [23]. Such findings are in line with Baker
and Gabrilovich (2016) as well as Mitra et al.

5.0 Comparing Models and Evaluation

Results: We demonstrate that our LSTM model significantly outperformed the CNN in precision,
recall and F1 scores across all disease categories by utilizing a 10-fold cross-validation
comparative analysis framework. The specific performances are presented below in Table 6,
which demonstrates that the LSTM model is especially capable of detecting diabetes (an F1-
score of 0.90), hypertension (F1-score = 0.88) and cardiomyopathy(FAt the level concept). The
confusion matrix for the LSTM model (Table 7) indicates its classification accuracy and a small
number of misclassification cases. Additionally, the few false positives and negatives along
disease categories indicate that this is a good model to apply in clinical settings. Beyond
accuracy, the Matthews Correlation Coefficient (MCC) values are similarly strong across all
diseases with MCC scores ranging between 0.81 and 0.87 offering another point of evidence that
this model is robust to overfitting in direct metric space from analysis using test-only datasets
Lastly, the AUC-ROC values (Table 9) further confirm that models performed impressively in
predicting limb weakness prediction. It also shows how the LSTM model has much better AUC-
ROC scores for every disease compared to any other method which makes clear that it can
differentiate tear stage classes by improving disease identification capabilities.

6.0 Future Directions

In particular, the high performance of the LSTM model demonstrates that learning to represent
contextual and sequential information in clinical text is important. The ability is needed to
correctly match diseases in clinical notes, as the clinical text will be often full of complex and
indirect indications that need comprehension more than pure pattern statistics. Combining
advanced NLP techniques with the traditional methods, such as shown in this present study
allows us to achieve a strategy for full-data extraction of important contents residing inside
unstructured clinical data. Future research will need to continue refining these models and
improve performance over time. This dataset could be grown to include more heterogeneous
clinical notes from a wider variety of healthcare settings to increase the robustness and
generalizability. Moreover, we can connect to external data sources like patient demographics
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data and laboratory results etc., which will make it a more comprehensive way of looking into a
patient's health history for superior prediction of any disease. NLP has enormous potential to
revolutionize healthcare. This is achieved by automating the extraction of clinical data to gain a
deeper insight into patient conditions for more accurate diagnosis and treatment, as well as
improving overall care for patients. The implications of our findings highlight how
advancements in NLP techniques are vital for unlocking these benefits to optimize and improve
healthcare. Study Highlights: This study shows the substantial improvements in disease
identification that are possible with clinically annotated notes using NLP techniques. The strong
performance of NER, CNN and LSTM models demonstrates the feasibility of addressing
unstructured clinical text using these approaches and points to their disruptive potential in
healthcare. Through ongoing development and incorporation of these models, there is potential
for improved disease detection as well as the shaping of personalized data-driven healthcare.

7.0 Conclusion

After studying how disease identification could be implemented from clinical notes using
Natural Language Process (NLP) methods interesting findings have been identified, providing
promising outcomes. In our study, we assessed Named Entity Recognition (NER), Convolutional
Neural Networks (CNN) and Long Short-Term Memory () for disease classification tasks
revealing good generalization ability in distinguishing clinical cases with unstructured data. For
example, the NER model, implemented through the cTAKES framework, showed very high
precision and recall in identifying disease-related terms which proved how effectively this can be
used for processing biomedical text. The scores of the NER model (precision: 0.92, recall: 0.89)
imply its capability and consistency having good accordance with the relevant literature which
stresses the effectiveness of NER in the health domain(axis et al176)(axisbXuexiaHuangl77).
DiscussionThis study demonstrated that deep learning models especially LSTM networks have
advantages in disease classification. As the LSTM model was able to capture long-term
dependencies and context information, it showed better accuracy score, precision value, and
recall ratio between values than on metrics like F1-scores compared with CNN-based spam
email classifier. We show that the LSTM model obtained an accuracy of 0.89 or an F1-score: of
0.88, therefore demonstrating good performances for capturing complex clinical narratives
(Table I1). These trends were further confirmed in the comparative analysis with the LSTM
model out-performing Random Forest by obtaining high MCC and AUC-ROC scores across
multiple disease categories. The key implications for the healthcare sector based on the findings
of this study Thanks to sophisticated NLP algorithms, healthcare organizations now have the
capability of automatically reaping pertinent details from clinical notes (benefits include greater
diagnostic accuracy and patient care as well as streamlining health delivery). The
implementation of these models in the clinic can help plaque identification earlier and more
accurately, thus improving patient outcomes. Future work to increase the robustness and
generalizability of our models would include extending this dataset further, specifically including
other types of clinical notes and more authoritative sources like patient demographics or
laboratory results. As NLP tools and deep learning techniques improve - keeping pace with the
institutional shift towards electronic health records (EHR) - we are poised to advance healthcare
ever forward, providing highly individualized care for each patient in real-time. The use of NLP
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methods for the detection and identification of diseases from clinical notes is one step forward in
processing unstructured data in Electronic Health Records. The high performance of the assessed
models identifies them as an opportunity to advance healthcare leading to deeper understanding
and better care.
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