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Abstract - The success of clinical note research has been experienced all over the world, but without emphasis on real-time 

Indian data. The study first consisted of the formulation of models based on the clinical notes of the Medical Information Mart 

Intensive Care (MIMIC) database, with a specific focus on such conditions as Asthma, Myocardial Infarction (MI), and Chronic 

Kidney Disease (CKD). These trained models were then tested on the actual Indian healthcare clinical data in real-time, received 

in two hospitals. Due to privacy concerns, the volume of collected notes was limited. To augment the data, two methods were 

devised. The first used a two-step strategy with weighted symptoms and fuzzy techniques for similarity calculations, followed by 

a synonym replacement technique. The second method augmented data using symptoms of co-occurring diseases. Augmentation 

was extended by concatenating these notes with a synonym replacement strategy. Bidirectional Encoder Representations from 

Transformers (BERT), Distilled BERT (DISTILBERT), and Symptom-Driven BERT (SMDBERT) were used on both strategies 

and compared with the baseline models: Easy Data Augmentation (EDA) and Synthetic Minority Over-sampling Technique 

(SMOTE). Method 1 outperformed both SMOTE and EDA for all models, while Method 2 gave superior results with 

DISTILBERT and SMDBERT, attaining, respectively, accuracy levels of 0.98 and 0.96, compared to 0.92 and 0.94 with EDA. 

Keywords – DistilBERT, Data Augmentation, Real-time Clinical Notes, Neuro-Fuzzy Approach, Transfer Learning. 

1. Introduction  
The use of EHR systems is on the rise [1]. Clinical notes 

are frequently stored within EHR systems, and in developing 

countries like India, they are largely used. Clinical notes are 

often kept as scanned copies, which need to be manually typed 

into the system to have access to the information stored in 

them. Many hospitals also do not share clinical notes due to 

issues of patient confidentiality, hence making the data 

available always inadequate. There is, therefore, a need for 

approaches like data augmentation to increase the size of the 

dataset while observing patient privacy. 

 

MIMIC, i2b2, and eICU Collaborative Research 

Database are publicly available data sources that are an 

excellent source of clinical and healthcare analytics-related 

research. The MIMIC III has more than 50,000 intensive care 

unit patients [2], whereas the eICU has data from around 

twenty lakh patients [3]. The author in [4] summarizes the data 

sets that are publicly available and highlights the lack of 

Indian datasets. Transformer-based models are finding 

applications for a wide range of prediction tasks in healthcare, 

such as mortality prediction [5], readmission of patients [6], 

and the length of stay in hospitals [7]. Application areas of 

these models also include entity extraction [8, 9], 

identification of phenotypic traits [10, 11], establishing 

relations among various entities in medicine, and imitation of 

patient trajectories.  

 

Augmentation of data is one of the methods to enhance 

the quantity of a dataset, as well as introduce variations to it. 

It is a well-known method when it comes to image datasets, 

but its application when it is used with text data is not 

common. Augmentation methods that are usually used in 

image datasets include image rotation, flipping, scaling, or 

cropping, or noise addition to images. Text augmentation, 

however, generally involves the substitution of synonyms, the 

insertion or removal of words, or the rearrangement of the 

word sequence. However, these methods pose challenges as 

they may inadvertently alter sentence meaning. Additionally, 

in clinical data, where precision is crucial, altering important 

information could have serious consequences.

http://creativecommons.org/licenses/by-nc-nd/4.0/
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Conditions that persist for more than three months are 

referred to as chronic diseases [12], and early identification 

leads to enhanced assessment and care. Approximately 26 

million individuals worldwide annually suffer from heart 

failure, which is a challenge for cardiologists, surgeons, and 

clinicians to predict the onset of heart failure [13].  The author 

in [14] states that Asthma stands as the most common long-

term lung condition globally. Moreover, 800 million 

individuals globally, or more than 10% of the global 

population, suffer from Chronic Kidney Disease (CKD), a 

degenerative illness [15]. Given their substantial prevalence, 

we have chosen these three diseases as our primary focus. 

 

Objectives of the paper:  

1. Demonstrates why symptoms of co-occurring diseases 

can be included, which can eventually make the models 

more robust. 

2. Develop and evaluate novel data augmentation methods 

tailored to Indian clinical data to overcome limitations in 

data availability and privacy concerns. 

2. Literature Review 
Literary works offer a couple of strategies for 

augmentation, yet there exists a scarcity of methods 

integrating domain knowledge into the augmentation process 

[16]. Further, the utilization of augmentation techniques 

within medical applications is even more insufficiently 

addressed in the literature.   

 

There are several techniques used on image data, as the 

author in [17] demonstrated, the generation of samples with a 

distribution resembling the original actual data after learning 

the distribution of the input data samples.  

 

Generation of domain-guided augmented data is 

presented in [18] for classifying fetal ultrasound views by 

adding a novel context-preserving cut-paste procedure, 

resulting in models with performance comparable to those 

trained using traditional augmentation methods.  

 

Researchers are working even in the field of audio data, 

too; the author in [19] uses both clinical data and voice 

recordings, though limited in number. Techniques like pitch 

shifting, time stretching, and noise injection were used to 

augment the voice data.   

 

Text data augmentation techniques function across 

various levels, including character, word, sentence, and 

document levels. The general and commonly used techniques 

that are used for data augmentation are EDA [20] with 

Synonym Replacement (SR), Random Insertion (RI), Random 

Deletion (RD), and Random Swap (RS), Back translation [21], 

wherein a sentence a converted into another language first and 

then again back to its source language, Text synthesis, and use 

of Large Language Models [22].  

 

The work [23] examined the performance of a model on 

sixteen different categorization tasks using twenty different 

augmentation methods. The assignments were divided into 

four groups based on the prevalence of diseases. Every group 

was subjected to a systematic application of 20 augmentation 

methods. Every augmentation approach was assessed using 

the Transformer Encoder model. The baseline model without 

augmentation and various augmentation techniques were 

compared. The results showed that, across a range of strategies 

and tasks, the model performance was consistently improved 

by the Splitting Augmenter, with statistically significant 

improvements for several key metrics like AUC-ROC and F1 

Score. For instance, there were improvements of 0.13 in F1 

score and 0.34 in AUC-ROC. 

 

Authors of the research paper [24] have applied EDA 

tasks to Named Entity Recognition datasets. The authors have 

taken the benchmark datasets that are generally used to 

evaluate NER tasks in the medical field. Bio BERT model was 

fine-tuned with and without the augmented data, and found 

that EDA methods, though simple, yield good results, 

especially for small datasets.  

 

The paper [25] focuses on using neural networks, more 

specifically recurrent networks, to predict clinical conditions 

based on the history of a patient's hospital admissions. Given 

the sparsity of clinical data available for machine learning 

(ML), the study goes on to suggest ways of augmenting 

existing data to increase the efficiency of predictive 

algorithms. They have introduced two methods, one 

concentrates on portions of the patient journey to emphasize 

changes between different visits to hospitals, and the second 

one relies on the structure of diagnostic codes in order to form 

trajectories resembling the real world. 

 

These results provide significant improvements on 

experiments conducted on two datasets and indicate the 

feasibility of data augmentation in clinical scenarios. SMOTE 

addresses class imbalance by artificially generating instances 

of the minority class to improve the representation of the 

dataset for better model performance [26]. 

 

There are challenges when applying augmentation 

techniques to medical data, as it may alter the meaning 

altogether, and the patient’s life could be put at stake. So, 

careful strategies need to be devised while dealing with 

clinical text. Moreover, domain knowledge is rarely integrated 

into the existing techniques. The recent advances, like the 

study on doctor-patient conversation summarization, 

introduced the MTS-Dialog dataset, demonstrating how 

guided summarization techniques improve factual consistency 

in generated clinical notes [27]. Another approach leverages 

synthetic transcript generation using generative models, 

supplementing real-world clinical documentation to refine 

NLP-based transcription accuracy. For medical document 

classification, ontology-guided augmentation has also been 
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proposed [28], which uses domain-specific knowledge to 

improve feature extraction and thus classification 

performance. Taking all together, these methods indicate a 

greater focus on more structured augmentation techniques 

tailored to medical NLP applications. 

 

Methodologies in healthcare data analysis range from 

rule-based approaches to machine learning and Deep Learning 

(DL) techniques. Rule-based techniques rely on predefined 

rules, based on the expertise of experts, but may struggle with 

novel concepts and necessitate rule modifications. ML 

techniques derive patterns directly from data. In supervised 

learning, labeled datasets are used for tasks such as 

classification, while unsupervised learning groups similar data 

points through clustering.  

 

While common ML techniques like LR, SVM, and 

Random Forests may face challenges in dealing with high-

dimensional and heterogeneous multimodal data, DL methods 

like CNNs, RNNs (including LSTM and GRU), and 

transformers such as BERT and DISTILBERT are promising, 

extracting relevant features from raw data and showing 

improved contextual understanding. 

 

Pretrained for bidirectional contextualized understanding, 

BERT learns effective representations from unlabeled data 

and performs excellently in many ML tasks. The fine-tuned 

versions of the model require minimal additional layers for 

downstream tasks [29]. Whenever classifying texts, BERT is 

preferred. A lighter form of BERT is called DISTILBERT, 

which gives as promising results as BERT [30]. SMDBERT 

[31], which incorporates domain knowledge, has been shown 

to give better performances as compared to DISTILBERT. 

SMDBERT could be expanded further to perform domain 

adaptation by incorporating extra embeddings [32] and could 

also be converted into a hybrid model by combining with a 

zero-shot model, as demonstrated in [33].  
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3. Materials and Methods 
3.1. Overall Architecture 

The entire architecture of the system is illustrated in 

Figure 1. Input data for the system is sourced from the MIMIC 

dataset. Next, cohort selection is carried out to focus on 

particular diseases. The models are fine-tuned for these 

specific diseases and subsequently applied to real-time Indian 

datasets using a transfer learning approach. Because of the 

restricted availability of data, primarily due to privacy 

considerations, techniques for data augmentation are 

employed to boost the dataset's volume. The augmented data 

undergoes model application and subsequent evaluation and 

comparison against the baseline model.  

 

3.2. Data Selection 
The MIMIC dataset is used to create the base models. The 

targeted diseases were Asthma, kidney disease, and 

Myocardial Infarction with ICD9 codes of 

49320,5849,41001,41011,41021 respectively.  MI is further 

broken down into codes 41001, 41011, and 41021. First of all, 

170446 samples were retrieved, and according to these, a 

refining process was carried out, thus leaving 5234 samples to 

be analyzed, limited to discharge summaries. BERT and 

DistilBERT models and our own model, SMDBERT, were 

adapted using clinical records obtained on the MIMIC dataset, 

as well as other structured clinical data. Before fine-tuning, 

there was initial text preprocessing, which involved 

lowercasing of text and removing special characters, URLs, 

and non-alphanumeric characters. These models were trained 

on clinical documents that were gathered in two hospitals in 

Mumbai, India. The records were gathered during two 

timeframes: October to November 2022 and January to April 

2023. In total, 132 clinical notes centered on the diseases of 

interest were chosen for evaluation. 

 

3.3. Methodology 
The decision to incorporate symptoms of co-occurring 

diseases is formed through empirical evidence by analyzing 

the MIMIC dataset.  The dataset consists of about 46,000 

admissions or unique SUBJECT_IDS. Many of the clinical 

notes are multi-labeled in nature. A query targeting unique 

SUBJECT_IDS with a single label yielded a count of 190. 

This means that only 190 were given a single ICD9 code, 

while the remaining patients had multiple ICD9 codes 

assigned.  An important observation is that comorbid patients, 

for instance, Asthma and diabetes, will not have just 

symptoms of Asthma alone, but also symptoms of diabetes. 

Moreover, it is likely that symptoms of one condition, say 

diabetes, will overshadow those of another, say Asthma. 

As a result, when selecting a clinical note labeled with 

‘asthma’ for model training, it may predominantly contain 

symptoms related to diabetes. To account for such scenarios, 

symptoms of co-occurring diseases were incorporated to 

augment the data. Figure 2 displays a heat map showing the 

main diseases and their co-occurring diseases. 

 
Fig. 2 Co-occurrence of diseases 

 

As can be seen from the heat map, the top five common 

diseases are the ones with codes 4280, 4019, 42731, 51881, 

and 25000. Out of these 4280, 42731, and 51881 are related to 

heart failure and respiratory failure, so we avoided them, as 

these are also our primary diseases. We narrowed our focus to 

the remaining two codes, 4019 and 25000, corresponding to 

hypertension and diabetes, respectively. Also, these 

conditions are frequently combined with other diseases. 
 

The initial process of our methods is described below. 

Both methods first calculate the frequency of each unique 

symptom, and then a weighted symptom list is created. The 

rationale behind this is that the symptoms that occur more 

frequently will appear more times in the list. Similarity of 

these symptoms and domain-specific symptoms is calculated 

using a fuzzy string-matching technique.  

 

The commonly used metric for fuzzy string matching is 

the Levenshtein distance. A combination of existing 

symptoms and domain-specific symptoms is generated, which 

satisfies the minimum threshold value. A randomizer function 

is then defined, which uses existing data and randomly selects 

demographics data from it, and then appends it to every record 

generated.  

 

As illustrated in Figure 7, the above strategy constitutes 

the initial layer of our data augmentation strategy. Following 

this, the synonyms are generated for each record of the 

augmented data layer 1. This constitutes the second layer of 

the data augmentation process. The final layers are the 

combination of AD Layer 1 and AD Layer 2, which represent 

domain-enriched data and synonym-replaced data, 

respectively. 
 

The algorithm of the model is: 

1.  Calculate Symptom Frequencies: 

 For each symptom in the dataset: 

o Count the frequency of occurrence. 
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2.  Create Weighted Symptom List: 

 Generate a list of symptoms weighted by their 

frequency. 

3.  Define Function for Symptom Similarity: 

 Define a function to calculate the similarity between a 

given symptom and domain-specific symptoms using 

fuzzy matching. 

4. Define Function for Combination Generation: 

 Define a function to generate new combinations based 

on a given label: 

o Include existing symptoms. 

o Add additional domain-specific symptoms based 

on similarity. 

 Randomizer: 

o Use existing data to select demographic 

information randomly. 

o Append selected demographic information to 

every generated combination. 

5. Apply Synonym Replacement: 

 For each record: 

o Replace synonyms of existing symptoms. 

o Augment the data with synonym replacements. 

 

As previously mentioned, the second method also builds 

upon the foundation laid by the first layer. Symptoms of 

occurring diseases, which are identified as mentioned 

previously, are incorporated. This combined augmentation 

forms the second layer of the process, enhancing the dataset's 

richness and diversity. Subsequently, synonym replacement is 

applied, constituting the third layer of augmentation. The 

entire process is illustrated in Figure 8. 

Mathematically, our augmentation process of Method 2 

can be represented as: 

 

Let fs represent the frequency of symptoms in the dataset 

D.  The frequency can be calculated as given in equation (1): 

 

𝑓𝑠 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑐𝑐𝑢𝑟𝑒𝑛𝑐𝑒𝑠 𝑜𝑓 𝑠𝑦𝑚𝑝𝑡𝑜𝑚 𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑐𝑜𝑟𝑑𝑠 𝑖𝑛 𝐷
               (1) 

 

Let W be the weighted list of symptoms, where each 

symptom si is associated with its frequency weight wi.  

 

This can be represented as: 

W= {(s1, w1), (s2, w2),...,(sn,wn)} where wi=fsi for each i. 
 

Let sim (s1, s2) represent the similarity between 

symptoms s1 and s2. This is calculated using fuzzy matching 

techniques, which internally uses Levenshtein distance. 

 

Let G(label) represent the function to generate new 

combinations based on a given label. This function takes an 

existing set of symptoms S and returns augmented 

combinations that include additional domain-specific 

symptoms.  

It can be represented as:  

G(label)= {S∪domain-specific symptoms} 

Randomizer Demographics represent the randomizer 

function, which takes existing demographics data   and 

randomly selects demographic information from it. This 

function then appends the selected demographic information 

to every record generated during the data augmentation 

process. It can be represented as: 

 

Randomizer 

(Demographics)=selected demographic information 

Let R represent a record in the dataset D, and SR  

represent the set of symptoms associated with record R. 

Augmenting more records by adding symptoms of co-

occurring diseases can be represented as:  

 

New record R′= SR ∪ symptoms of co-occurring diseases 

 

Let SR (record) represent the function to apply synonym 

replacement to a given record. This function replaces words or 

phrases in the record with their synonyms. It can be 

represented as:  

 

SR (record)=record with synonym replacements 

 

Figures 3, 4, and 5 show different samples of clinical 

notes after the augmentation process. Figure 6 illustrates a 

deidentified Indian clinical note. 

 

 
Fig. 3 Sample augmented note with extracted symptoms and domain-

specific symptom 

 

 
Fig. 4 Sample augmented note with synonym replacement 

 

 
Fig. 5 Sample co-occurring disease symptom augmented note 
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Fig. 6 Sample indian clinical note 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 7 Augmentation method 1 with weighted symptom integration, domain knowledge, and synonym replacement 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 8 Holistic augmentation method 2 with weighted symptom integration, domain expertise, synonym replacement, and incorporating co-occurring 
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4. Results and Discussion  
Table 1 presents the performance following the models' application using transfer learning on Indian data. Table 2 displays 

the performance metrics for various algorithms and data models. 

  
Table 1. Performance metrics of fine-tuned models on indian real-time dataset 

Models Accuracy Precision Recall F1-score 

BERT 0.59 0.6 0.59 0.59 

DISTILBERT 0.72 0.8 0.72 0.72 

SMDBERT 0.84 0.84 0.84 0.84 

 
Table 2. Performance metrics for different models and methods 

Method Models Accuracy Precision Recall F1 measure 

SMOTE 

BERT 0.54 0.66 0.54 0.5 

DISTILBERT 0.49 0.49 0.49 0.49 

SMDBERT 0.51 0.51 0.51 0.51 

EDA 

BERT 0.94 0.94 0.94 0.94 

DISTILBERT 0.92 0.89 0.93 0.9 

SMDBERT 0.94 0.94 0.94 0.94 

Method 1 

BERT 0.94 0.94 0.94 0.94 

DISTILBERT 0.92 0.94 0.91 0.92 

SMDBERT- Single 

symptom 
0.96 0.96 0.96 0.96 

SMDBERT-

Multiple symptoms 
0.97 0.98 0.97 0.97 

SMDBERT-All 

symptoms 
0.97 0.98 0.97 0.97 

Method 2 

BERT 0.87 0.87 0.87 0.87 

DISTILBERT 0.98 0.98 0.98 0.98 

SMDBERT- Single 

Symptom 
0.96 0.96 0.96 0.96 

SMDBERT- 

Multiple symptoms 
0.96 0.97 0.97 0.97 

SMDBERT- All 

symptoms 
0.96 0.96 0.96 0.96 

 

Clinical notes and partial structured data were first used 

to fine-tune the models. Once this had been done, their 

performance was assessed on actual Indian clinical data in the 

hospitals. This was done using a carefully edited collection of 

clinical notes, which were related to the identified diseases. 

Since the hospitals provided scanned documents, the notes had 

to be manually transcribed. Importantly, information 

regarding treatment was deliberately omitted to maintain the 

study’s emphasis on symptom analysis. As can be seen, our 

model SMDBERT gave better results.  

In employing the EDA method of augmentation, the notes 

increased from 132 to 528, with 132 records for every task of 

EDA, i.e., SR, RI, RD, and RS. With the SMOTE method, the 

number of records increased to 183, as SMOTE generates as 

many synthetic examples from the minority classes as there 

are from the majority class. For Method 1, i.e., augmentation 

with weighted symptom extraction, domain knowledge, and 

synonym replacement, the notes increased from 132 to 384. 

60 records were appended using domain knowledge, and the 

total of 192 records were added to the previous layer with a 

synonym replacement strategy.  

In Method 2 of data augmentation, the number of records 

increased from 132 to 444. Initially, 192 records were 

incorporated in the first layer, which was a blend of weighted 

symptom extraction with domain knowledge. Subsequently, 

in the second layer, 30 records featuring symptoms of co-

occurring diseases were integrated. Finally, all 222 records 

underwent synonym replacement in the third layer. 

The dataset was divided into a twenty percent test set and 

an eighty percent train set. Adam optimizer was used, with a 

learning rate of 1e-4, with 6 epochs to train the models. 

The computational formulae of the precision, recall, and 

the F1-score are described in equations (2), (3), and (4), 

respectively. 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
               (2) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
          (3) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                       (4) 

While the EDA method showcased satisfactory 

performance, our augmentation techniques exhibited superior 

performance except for the majority of the runs. Our model, 

SMDBERT, showcased a better performance compared to 

BERT and DISTILBERT models with both of our 

augmentation strategies. Also, our results show that adding 

multiple symptoms gives better performance compared to just 

adding a single symptom to the notes.

 
Fig. 9 Graph displaying performance metrics using SMOTE 

 

 
Fig. 10 Graph displaying performance metrics using the EDA Method of augmentation 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Accuracy

Precision

Recall

F1 measure

SMOTE Method

SMDBERT DISTILBERT BERT

0.86 0.87 0.88 0.89 0.9 0.91 0.92 0.93 0.94 0.95

Accuracy

Precision

Recall

F1 measure

EDA Method

SMDBERT DISTILBERT BERT



Anil Hingmire et al. / IJECE, 13(5), 77-87, 2026 

85 

 
Fig. 11 Graph displaying performance metrics using Method 1 

 
Fig. 12 Graph displaying performance metrics using method 2 

The conclusion is that Method 1 showed the best results. 

Method 2, although it gives strong performance with 

DISTILBERT, fell short in comparison to Method 1. The 

EDA method, while effective, was outperformed by the 

approaches of Method 1 and Method 2, emphasizing the 

significance of domain-specific augmentation techniques for 

enhancing model performance in clinical text analysis. (Figure 

9-12). 

5. Conclusion  
A notable gap exists in publicly accessible Indian clinical 

datasets, which is even worsened by the limited adoption of 

EHR in smaller healthcare facilities, where clinical notes are 

often stored in hard copy format. This situation poses a 

challenge in acquiring relevant clinical data. Also, the 

increasing use of transformer-based models does offer a 

potential for possible augmentation. It extends not only the 

quantity but also the diversity in the data for better robustness 

in the model. Transfer learning methods reduce the hassle of 

training from scratch and thus allow creating efficient models. 

Our initial approach involved integrating domain expertise 

with extracted symptoms to enrich the clinical notes. We 

conducted experiments with varying numbers of symptoms, 

ranging from individual symptoms to all available symptoms. 

Finally, synonym replacement was carried out on the 

combined clinical notes to further increase the robustness of 

the model. Although there is much research on ICD9 codes in 

the medical domain, the problem of multiple ICD9 codes is 
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not much taken into consideration. In our second approach, we 

added information on co-occurring diseases since secondary 

diseases mostly appear along with the symptoms of a primary 

disease. So, we chose the most common co-occurring diseases 

- Diabetes and Hypertension - and added the symptoms of 

these two conditions to the combined clinical notes. Though 

the performance of the BERT model slightly decreased, it 

proved that adding co-occurring symptoms of diseases can be 

explored as a data augmentation strategy. 

In the future, this model can be expanded to make 

predictions of more diseases with more data and 

characteristics just by increasing its size. Moreover, certain 

focus should be given to clinical variables in the course of 

augmentation, and this is what we would like to address in our 

future activity. 
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