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Abstract: Homeopathic physicians generally maintain the records of patients in the form of text documents, which contain valuable clinical
information but lacks the standardized structure. Generation of structured data from unstructured homeopathic case sheet documents is a
challenging process. The goal of the study is to identify and extract the key-value pairs from such unstructured documents to generate
structured data that can be utilized for analysis and decision making in homeopathic practice. The paper outlines the methodology for
collecting homeopathic case sheet documents, extracting relevant information and structuring it into a format suitable for further analysis.
The methodology described in this study has been successfully implemented on a dataset comprising of 300 homeopathic case sheet
documents. For each of these documents, our approach successfully extracted key-value pairs, representing various clinical parameters
such as details of presenting complaints, family history, final diagnosis etc. The key-value pairs were structured and organized within excel
spreadsheet, facilitating further analysis and interpretation of extracted clinical data. Evaluation shows that out of 300 documents three

documents could not be properly converted to the structured form due to spacing constraints hence accuracy is 99%.
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1. Introduction

Homeopathic medicine relies heavily on individualized
treatments based on detailed patient histories and symptom
descriptions [1]. The documentation of these records are
called as homeopathic case sheet documents. These case
sheet documents contain lot of information about the
patients in unstructured form [2] and cannot be processed as
it is. The case sheet document contains unstructured
narratives, making it challenging to extract actionable
insights from the data. The paper aims to bridge this gap by
proposing a method to convert unstructured homeopathic
case sheet documents into structured data, facilitating more
efficient analysis and treatment planning.

The transformation of unstructured data into structured
formats has become increasingly critical in healthcare
research. In homeopathy, case sheet documents often
contain rich clinical information presented in an
unstructured manner, posing challenges for data analysis
and research. This paper addresses the development of
methodologies to convert unstructured homeopathic case
sheet documents into structured data, enhancing
accessibility and usability. By employing natural language
processing (NLP) [3] techniques, the proposed approach
aims to systematically extract and organize key clinical
details. The structured data can significantly raise the
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effectiveness of homeopathic practice, facilitating better
patient management and evidence-based research.
Ultimately, this work contributes to the broader goal of
integrating traditional medical practices with modern data
analytics.

2. Literature Survey

The unstructured clinical narratives in EHRs contain critical
patient information such as medical problems, treatments,
and diagnostic tests. The NLP techniques are utilized to
convert this unstructured data into structured formats,
making it usable for various clinical applications [4]. The
authors utilized a private database of 10,000 anonymised
health records including 234,673 clinical notes. These notes
were broken into 1,183,345 distinct sentences for retraining
BioBERTPptRT. Furthermore, a hand labeling of 100,021
sentences was conducted in order to refine the models. This
extensive data collection and preprocessing enabled the
effective training and evaluation of the proposed model [5].
Authors collected diverse health data formats, including
unstructured, semi-structured, and structured data. Utilizing
an ontology-based approach, they structured the collected
data for efficient processing and retrieval in MongoDB,
highlighting the importance of schema design for NoSQL
databases [6].

The authors addresses the challenge of data scarcity in the
medical field by leveraging generative model like GANSs to
produce synthetic data. The classification accuracy is more
stable while using the smaller datasets. These synthetic
datasets are then integrated with real data to train binary
classifiers, aiming to enhance classification accuracy,
because here only a small amount of original information is
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accessible [7]. The author addresses about the organization
of information from documents written in natural languages
like English for various informational tasks. Author focuses
on the methods for analyzing and formatting textual data to
create structured databases. This process aims to enhance
data retrieval and management, particularly in science
information and medical records [8]. Medical institutes use
EMR (Electronic Medical Records) to record patient
conditions, but these records often have issues like diversity,
incompleteness, and redundancy. Preprocessing is
necessary to improve data quality for effective data mining,
involving techniques like data cleansing and integration for
structured data. For unstructured medical texts, complex
methods are required [9].

The authors analyzed 20 electronic medical-record systems,
categorizing them into ‘classical' and 'experimental’ systems.
They identified three main challenges: enhanced data
presentation, clear data understanding, and direct data
entering. Dynamic data-input forms and free-text input with
natural language interpretation are two promising
techniques,highlighting the need for further research on
optimal search structures for medical narratives. The
measured performance of the pipeline achieved F1 score
from 0.690 to 0.995 for various elements [10].

3. Problem Statement

The primary challenge addressed in this research is the
identification and extraction of key-value pairs from
unstructured homeopathic case sheet documents. These
documents typically contain patient medical histories,
description of symptoms, details of complaints, treatment
histories, family histories etc but lacks a standardized format
for data extraction. The simple block diagram of the
extraction process is as shown in the Fig 1. The input to the
work is homeopathic case sheet documents and the output is
the structured data in the excel spreadsheets.

Homeopathic case sheet Structured data in excel

S

Extraction of key-value
. _—
pairs

documents spreadsheets

Fig. 1. simple block diagram of the process
4. Objectives

e Collection of homeopathic case sheet documents
from the hospital.

e Development of algorithm for the extraction of
key-value pairs from unstructured clinical
documents.

e Evaluation and generation of structured data from
the extracted information.

4.1. Data collection and preprocessing

The homeopathic case sheet documents are collected from

the hospital. The sequence of steps followed during the data
collection are shown as a flowchart below in Fig. 2. The
steps included are as below:

Step 1: The homeopathic case sheet documents are collected
from a homeopathic hospital.

Step 2: Physicians in the hospital are consulted during the
document collection for scanning the case sheet documents
from the hospital.

Step 3: Each of the case sheet document is scanned and
stored in the PDF(Portable Document Format) format. The
case sheet documents are written using pen by the physician
in is own handwriting on the paper.

Step 4: Each of the PDF document is converted to docx
format for further processing.

Step 5: Each of the docx file is the descriptions of each of
the patient, list of docx files are stored in a directory for

further processing.

Visit to the homeopathic hospital

l

Consult the homeopathic physicians

l

Scan each of the clinical case sheets

|

Convert each of PDF file into docx
file by typing

l

Create directory containing the docx

files
T

4

Fig. 2. Flow diagram of the data gathering process
4.2. Information extraction and data structuring

The collected case sheet documents are present in the
hospital template format as shown below. Fig. 3 indicates
the sample input collected from the hospital in the original
handwritten text form and the Fig. 4 indicates the typed docx
form.
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Fig. 3. Sample input in original handwritten text form

Detais of Presenting Complaint

pain n lower abdomen

Hard pressure, heat less after passing mofion

When siting in chair bends head completely down tl knee to get relief rom pain
Very Iritable

During menses easly gets hurts even by e things

Gannot sleep straight in bed, twists and turms to get relief

Fig. 4. Sample input in typed docx form

The Fig. 3 indicates the handwritten free text notes of the
case sheet document. The “Details of presenting
complaints” is one of the key and value is few sentences.
The Fig. 4 indicates the typed text from the handwritten text.
The data present in the homeopathic case sheet document is
identified as key: value pair, which should be extracted to
convert the unstructured data into the structured format. The
algorithm is written for the conversion of directory
containing docx files into structured excel spreadsheet
format comprising of rows and columns.

Algorithm:

Initialize empty list as ‘details’ which will contain the list
of directories, where each dictionary represents extracted
information from word document.

for each ‘docx’ files in specified directory do
Read content of each word document
Set maximum number of words allowed for key as five.

Initialize ‘last_key’ variable to store last encountered key
in the document

Initialize empty dictionary ‘info’ to store extracted
information from the document

for each paragraph of document do
Extract text from each paragraph

if paragraph is empty or contains only whitespace

characters then
Skip processing of this paragraph
Move to the next paragraph
end if

Split the text of paragraph into chunks using ‘:” as
delimiter

if len(chunks)>1 and
len(chunks[0].split())<=max_word_for_key then

Extracts the key and converts it to lowercase
Update the last_key with the current key

Join remaining chunks and store them in ‘info’
dictionary with the key extracted

else

Paragraph continues, append the paragraph text to
the existing value for last_key in the ‘info” dictionary

end if
end for
if the document contains any tables, then
Select first table in the document
Initialize the observations list
Initialize the prescriptions list
for each row of the table do
Extracts the text content of each cell in the current row
if content of row is non-empty then
Appends first cell contents to observations list
Appends second cell contents to prescriptions list
Concatenate observations and prescriptions list

Store the concatenated value in the ‘info’ dictionary
under key ‘table’

end if
end for
Append contents from ‘info’ dictionary to ‘details’ list
end if
end for
Create data frame from the list of dictionaries
Write data frame into an excel file

The algorithm processes multiple Word documents in a
directory to extract structured information. It starts with an
empty list called "details" to store the extracted data from
each document. For each document, it reads the content and
uses up to five words to identify keys. It tracks the last key
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found and stores the extracted data in a dictionary. If a
document has tables, the algorithm extracts text from the
first table's rows and appends this data to observations and
prescriptions lists. Finally, the algorithm converts the details
list into a DataFrame and writes it to an Excel file,
organizing the extracted information systematically.

5. Results

After applying the algorithm on the collected data the
structured excel spreadsheet document is generated which is
shown in the Fig. 5. below.

name  opdno ipdno

o
agesex  Status occupat socioecon natinality refigon  doa  do.d address  provisiona final diagn
..................... 0 e singe :

stucent maogie
W e 30 el 0 0 0 0 0 00 0 0 Dysmence
.......................

# male 0 0 middle clindizn  Christian

..................... 67 Femaks M 0 Midde Cla

ge student middeclrindan  musim  20/1/17

0 Musim  04/10/16

housewimiddle daindian  hindy

SMW 0 middle cia Indian

7/) maroor  INDP Interverte
184/18 0 beloa 0 Hand pain

0kalladka NODP  NOP

""""""""""" SMde M BWLSt  Oldon Mods 19706 OTokot, _  ONOP

Fig. 5. structured excel file displaying the docx file
contents in each row

Fig. 5. shows the excel file in which each case sheet
document is shown as a separate row of the excel
spreadsheet document. Here the column label indicates the
“key” of the “key: value” pairs extracted from the case sheet
document. Each row cells indicate the contents of the “key:
value” pairs. The column labels “name”, “ipd no”, “opd no”
are deidentified by mentioning it as “*******> to protect
patient privacy while ensuring the data remains useful for
research and public health purposes. Few of the fields are
written are zero because the entry is missing in the case
sheet document. Part of excel file is shown in Fig. 5.

The results demonstrate the effectiveness of proposed
method in accurately extracting “key: value” pairs from
unstructured homeopathic case sheet documents. The
structured data generated enables the systematic analysis
and visualization of patient records, facilitation the
evidence-based decision making in  homeopathic
documents.

6. Evaluation

The evaluation of the work is done manually by checking
whether the content of each key:value pair of each case sheet
document is properly entered in the generated excel
spreadsheet. The Table 1 indicates the evaluation results for
300 documents along with the accuracy. It is observed that
for 3 of the documents out of 300 documents few entries are
not done properly due to more spacing issues in the original
document.

Table 1. Evaluation results for 300 documents

Total Total number  of Accuracy
number of documents (few
clinical key:value pairs of the
documents  document) not
considered converted to structured
form due to spacing
constraints
300 03 0.99
7. Conclusion

This research paper presents an approach to develop the
structured data from unstructured homeopathic case sheet
documents. By utilizing the algorithm, the valuable clinical
information is extracted and organized into structured
format, enhancing the usability and accessibility of 300
homeopathic  patient records for the healthcare
professionals. The suggested method's efficacy is assessed
manually by checking the each key:value pairs of each
patient record with the generated structured data in excel
spreadsheet. It is observed that the accuracy is 0.99 because
few of the key:value pairs in the three of the documents are
not converted to structured form properly due to the spacing
issues in the original document.
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