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Abstract—The growth of medical record documents is increasing over time, and the various types of diseases and therapies needed are 

increasing. However, this has not been followed by an effective and efficient search process. This study aims to deal with search problems 

that often take a long time with search results that are not necessarily as expected by building a search model for medical record 

documents using the vector space model (VSM) and TF-IDF methods. The VSM method allows retrieval of results that are not the same 

as the search queries entered by the user but are expected to provide still results relevant to the user's desired needs. The model 

development process was taken based on the data in the FS_ANAMNESA and FS_DIAGNOSA columns, followed by preprocessing, 

which consists of deleting blank lines, lowercase, removing punctuation marks, HTML tags, stop words, excess spaces between words, 

and normalizing typo words, then forming a TF-IDF matrix based on the frequency of occurrence of each word feature, and followed 

by the calculation of the similarity value of the search query compared to medical record documents based on the cosine similarity 

formula. The retrieval results were all columns of each existing medical record document and were sorted based on 10 rows with the 

highest similarity value. The model evaluation results were based on 1000 medical record documents and tested with 20 search queries 

in this study, which gave an average precision value of 0.548 and an average recall value of 0.796. 

Keywords— Medical records; preprocessing; cosine similarity; TF-IDF; evaluation metric. 

Manuscript received 17 Oct. 2023; revised 9 May 2024; accepted 19 May. 2024. Date of publication 30 Jun. 2024. 

IJASEIT is licensed under a Creative Commons Attribution-Share Alike 4.0 International License. 

I. INTRODUCTION

Medical record data is kept for at least 25 years from the 

date of the last visit [1]. One indicator of the-quality-of-health 
facility services is speed and accuracy in providing medical 

records [2]. According to the Regulation of the Indonesian 

Ministry of Health number 129/Menkes/SK/II/2008 it 

explains that one of the minimum standards in a service at a 

health facility is to be able to provide medical records within 

10 minutes and have information completeness of 100% [3]. 

But the fact that in a hospital in Indonesia is still 65.75%, it 

takes > 10 minutes for the patient's medical record data to be 

successfully displayed, and the accuracy level is 87.5% [4]. 

In line with the Medical Practice Act in the elucidation of 

Article-46-paragraph (1), what-medical-records-mean are 
files that contain patient notes and documentation identity, 

examination, treatment, activities, and other services provided 

to patients [5]. The definition of medical records is 

strengthened through Minister of Health Regulation 

(Permenkes) No. 269/2008, that the type of medical record 

data might be in the form of text (both organized and 

narrative), digital images (if digital radiology is used), or a 

combination of the two has been implemented), sound (for 

example, heart sounds), video, or in the form of bio-signal 

such as Electrocardiography (ECG) recordings [6]. 

Information retrieval (IR) in computer science is obtaining 
relevant information, large-scale electronic text, and other 

human language data sets that are being represented, searched 

for and otherwise manipulated in this scenario [7]. There are 

various categories of information retrieval parts; text 

operations-(including the selection of words in the query as 

well as the document), converting documents or queries into 

term indexes (index words),-query formulation (giving 

weight to query word index), and rating (look for document 

that are related to the query and rank them and return the 

document based on conformity with queries) [8]. Research 

and implementation of IR have been widely carried out in 

various fields, including searching for medical record 
documents. Faridah et al. [9] conducted a study to retrieve 

images from an extensive image archive based on image 
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query content in the medical field. Mutinda et al. [10] 

researched to capture the semantic similarity between 

Japanese clinical texts (Japanese clinical STS) by producing a 

publicly available Japanese dataset. 

The Vector Space Model (VSM) is a mathematical 

paradigm for representing any object as a vector to measure 

the degree of similarity. The underlying idea behind this 

strategy is that words with similar meanings will have vectors 

that are closer to each other in this reduced space [11]. The 

Vector Space Model is an information retrieval system model 
that compares each query and document as an n-dimensional 

vector. Each dimension in the vector is represented by one 

term. The terms used are usually based on the terms in the 

query or keywords, so terms in the document but not in the 

query are typically ignored. The Vector Space Model is 

frequently utilized for relevance ranking, information 

retrieval, indexing, and filtering [12]. 

One of the most popular similarity measurements for VSM 

is Cosine similarity, and one way to encode textual documents 

into vectors is Term Frequency—inverse Document 

Frequency (TF-IDF). Wahyudi et al. [13] conducted research 
using cosine similarity with TF-IDF as a weighting scheme 

for searching JSON files relevant to a given query. Rofiqi et 

al. [14] conducted a study to find news documents based on 

similarities using TF-IDF. 

The ranking includes stages with the help of cosine 

similarity. Cosine Similarity is a method that analyzes 

similarity, which has a function to get the desired word term 

based on the query and the distance to sort it [15], [16]When 

the results are more similar, the two objects being evaluated 

are said to be more similar. Several previous studies have 

discussed the classification of documents relating to cosine 
similarity. Ristanti et al. [17] conducted research using 

Similarity in Cosine, calculating the similarity between two 

things papers using this method. The benefit of this method is 

that it is not affected by document length but rather by the 

importance of the terms in each text and thus has a low error 

rate. Using this method's application's performance testing as 

a basis in comparison to 126 instances of economic article 

journals using the K-Fold Cross Validation approach, 6 folds 

for each data randomization set were tested 6 times, the 

average accuracy results were 57,79%, precision was 57,79%, 

and recall was 62.96%. 

Precision is the ratio of the number of relevant documents 
found to the total number of documents found. Meanwhile, 

the second evaluation uses recall. Recall is the ratio of the 

number of-relevant-documents found to the overall number of 

documents in the collection considered relevant [18]. Another 

implementation of previous research is to search for similar 

themes in the synopsis of Indonesian novels using the General 

Vector Space Method. The dataset has more than 1500 

records. Then, test data for 300 data were divided by 150 

search test data and the rest for classification testing. So that 

the result is a recall of 90% and a precision of 85% [19]. 

In this study, the process of retrieving a collection of 
medical record documents from a dataset totaling 126,483 

lines of data but only taking 1000 lines of data. The dataset is 

SOAP Medical Record data originating from REKMED, a 

cloud-based patient medical record recording application. 

This dataset has 5 columns containing FS_ANAMNESA, 

FS_ACTIONS, FS_TERAPI, FS_PHYSICAL_NOTES, 

and FS_DIAGNOSIS. The method used is to perform data 

preprocessing, calculate similarity with cosine similarity, rank 

based on cosine similarity, and use several evaluation 

matrices. The study's findings should be able to provide a 
search model for medical record documents that match the 

queries entered by users. 

II. MATERIALS AND METHOD 

The following is a description of the methodology used in 

this study. Fig. 1 shows the preprocessing process and Fig. 2 

shows the similarity calculation process. 

 

 

Fig. 1  Flowchart of the preprocessing stage 

A. Preprocessing 

Preprocessing is the first step in cleaning and normalizing 

existing medical record data. This step aims to extract a list of 

terms from the data source that will add significant value to 

the user's original query. Medical record data contains 5 

columns, namely FS_ANAMNESA, FS_ACTIONS, 
FS_THERAPY, FS_PHYSICAL_NOTES, and 

FS_DIAGNOSIS. In this study, text data was taken from two 

columns, namely FS_ANAMNESA and FS_DIAGNOSA, with 

a total of 1000 rows of data. The following are details of each 

preprocessing stage carried out in this study: 

1) Removes blank rows: Rows without data in either the 

FS_ANAMNESA or FS_DIAGNOSA columns are deleted for 

the next stage. 

2) Lowercase: where each letter is converted to 

lowercase. 

3) Removes punctuation and HTML tags: Medical record 

data has a lot of punctuation and HTML tags such as <p>, 
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<br>, and so on, so it needs to be removed to make further 

processing more efficient. 

4) Remove stop words: Words that have no significant 

meaning, such as conjunctions, prepositions, or other words, 

are deleted so that there is not too much noise. 

5) Remove excess spaces between words or characters. 

6) Normalization: it was done by replacing typo words: 

such as 'peerut' to 'stomach', 'jln' to 'road', 'riwy' to 'history', 

and so on. This study collected 1290 pairs of words used as 

references to replace words in medical record texts. 

 

Fig. 2  Flowchart of similarity calculation 

B. Vector Space Models (VSM) 

The Vector Space Model is a vector that is used to replace 

the document model by utilizing a representation of the text 

approach in each word and is used in a spatial approach [20]. 

Vectors are formed from all the terms or words that make up 

the document. The term is a collection of words consisting of 

several different meanings [21], [22]The vector in each 

element represents the weight of words that have a 

relationship between the document and the query. The cosine 
angle is used to find the value of the two vectors for each 

document and query weight. 

Meanwhile, the formula to calculate using the Cosine 

Similarity technique the closeness of values between-two-

documents between the vectors in the documents and the 

vectors in the query [23]. The Vector Space Model works with 

tokenization, especially the phase of cutting each word in the 

input string that composes it and breaking the document, 

which was converted into a word frequency table. The table 

is a vector and can be stored as an array. All the words in the 

document are formed into one, which is called a term. There 

is a vector representation of each document, which is 
compared to the terms that have been constructed [24]. 

The process of calculating vector values in the Vector 

Space Model (VSM) requires three stages, namely: 

1) Calculate each word's weight with Term Frequency - 

Inverse Document Frequency (TF-IDF): Term Frequency - 

Inverse Document Frequency (TF-IDF). TF-IDF is a way to 

calculate word weight based on the frequency of its 

occurrence in a corpus. The TF-IDF is a method of 

determining the importance of words within texts or corpora 

as numerical data [25]. The TF-IDF algorithm was used to 

evaluate the importance of words in the textual corpus [26]. 
The frequency of words is represented by TF, which indicates 

the number of times they appear in the corpus of Equation (1). 

The weight of each word is calculated from the occurrence of 

the word and compared to the total number of words in the 

corpus: 

 ����, �� � �	�
�
�� �	��� (1) 

 �����, ��   � �� � |�|
|�� ∈ �∶ 
 ∈ ��|� (2) 

 �������, �, �� � ����, �� ⋅ �����, �� (3) 

where �����  is the frequency of occurrence of the word t in 

document D and D is document corpus. IDF shows the level 
of importance of a word in the corpus as a whole. The IDF 

value is obtained by calculating the inverse logarithm value of 

the-proportion-of-documents containing specific words in 

Equation (2). The proportion value is taken from the total 

number of documents in the corpus divided by the number of 

documents containing a particular word. The logarithmic 

value of this proportion is the IDF value. The TF-IDF weight 

is calculated by multiplying the two values, as shown in 

Equation (3). The greater the TF-IDF value, the more 

important the word in question is in the corpus. 

2) Calculating the distance between the query and the 

document. To calculate the distance between the query and the 

document, this study utilizes the linalg.norm function 

from the numpy library in Python. This function returns the 

norm value between vectors, which in this case represents the 

distance between two text documents. Calculations in the 

linalg.norm function is based on the Frobenius formula 

[27], also popularly known as the Euclidean distance. 

Equation (4) shows the formula of the Frobenius norm. 

 �|�|� � !∑ ∑ �#$,%�&'%()�$()  (4) 

where �|�|� � matrix norms and #$,%  is the query and 

document weights 
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3) Calculation of Cosine Similarity: Cosine Similarity is 

a measure for calculating distances used in data as vectors 

from documents. Documents contain data that can consist of 

hundreds or even thousands of attributes. Each attribute 

represents a term or word that contains a value, meaning the 

frequency with which it occurs in a particular document. The 

vector in the document contains the frequency-of-the-number 

of times a word appears in a document. The calculation for 

the term value in each document is the similarity of the two 

vectors in the dimensional space obtained from the cosine at 
an angle of the multiplication between the two vectors being 

compared because the cosine at a value of 0 is 1 and less than 

1 for the other angle. A cosine value of 0 indicates that the 

two vectors are orthogonal to each other and have no match. 

The higher the match between vectors, the smaller the angle 

and the greater the cosine value [28][29]. Two vectors are said 

to be similar when the value of their cosine similarity is 1. The 

calculation of cosine similarity is explained in Equation (5). 

 *�+�,� � -⋅.
|-||.| � ∑ -)⋅.)/012  

!∑ �-)�3/012 ⋅∑ �.)�3/012
 (5) 

where: 

�       � document vector 

4       � query vector 

� . 4  � product of vector A and vector B 

|�|      � length of vector A 

|4|      � length of vector B 

|�||4| � cross product between |A| and |B| 

,         � the angle formed between vectors A and B 

C. Evaluation 

Precision and Recall is one of the most frequently 

performed evaluation tests on retrieval systems. Precision 

measures the accuracy of the number of documents that can 

be found and considered relevant by the search process for 

document search purposes. Meanwhile, recall is the ratio of 

the quantity of relevant documents. found to the overall 

number of records in the collection that are considered 

relevant [30]. Equation (6) describes precision, and Equation 

(7) describes recall. 

 6789�:�;� � <=�>?@ A� @?B?C�'
 �AD=�?'
E @?
@$?C?�
<=�>?@ A� �AD=�?'
E @?
@$?C?�  (6) 

 F89#��   � <=�>?@ A� @?B?C�'
 �AD=�?'
E @?
@$?C?�
<=�>?@ A� @?B?C�'
 �AD=�?'
E  (7) 

III. RESULTS AND DISCUSSION 

To determine the performance of the developed 
information retrieval model, researchers used several 

included queries. Tables 1 and 2 list 10 queries used to test the 

model. The following is an example of a document that was 

successfully retrieved. Fig. 3 shows all the columns 

successfully retrieved while Fig. 4 shows the ranking, scores, 

document number, and FS_ANAMNESA columns more 

clearly. In Fig. 4, each successfully retrieved document has a 

weight obtained from calculating cosine similarity. The 

weight is used to determine the ranking of successfully 

retrieved documents. The higher the weight value of a 

document, the higher the ranking of the document. The higher 

the ranking of a document, the more relevant the document is 
to the query entered. 

TABLE I  

LIST QUERY FS_ANAMNESA COLUMN IN MODEL TESTING 

FS_ANAMNESA Number of 

Document English Indonesian 

control control  10 
toothache gigi sakit  10 
lung cancer ca paru  10 
right shoulder pain nyeri bahu kanan  6 

pain nyeri  4 
earache telinga nyeri  4 
right knee hurt lutut kanan sakit  4 
left knee pain lutut kiri sakit 4 
cough and cold batuk pilek 2 
cough batuk  2 

TABLE II 

LIST QUERY FS_DIAGNOSA COLUMN IN MODEL TESTING 

FS_DIAGNOSA Number of 

Document English Indonesian 

pregnant hamil  10 
acute bronchitis bronkitis akut  10 
neurosa neurosa  10 
dermatitis dermatitis  10 
et et  10 

bph bph  10 
tooth abscess abses gigi  10 
meningioma meningioma  10 
kb kb 4 
rhinitis rhinitis 4 

 

 
Fig. 3  All columns that were successfully retrieved 

 

 
Fig. 4  Ranking, scores, document number, and FS_ANAMNESA columns that 

were successfully retrieved 
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Average precision and average recall are the evaluation 

matrices used in this study. Average precision determines the 

model's ability to obtain results that match the entered query, 

while average recall is used to obtain any document 

containing the entered query. From the queries that have been 

entered, average precision and average recall are obtained as 

shown in Table 3. 

TABLE III 

VALUE OF TEST RESULTS WITH PRECISION AND RECALL 

Column 
Average 

Precision 

Average 

Recall 
FS_ANAMNESA 0.522 0.816 

FS_DIAGNOSA 0.574 0.781 

Average 0.548 0.796 

 

From the retrieve process that was carried out, the results 

were quite good, with an average-precision-of 54.8% and an 

average recall of 79.6%. The low precision and high recall 

results indicate that the model can predict more true positives. 

TABLE IV 

COMPUTATION TIME IN EACH CORPUS 

Corpus 
Computing 

Time (minutes) 

Computing 

Time (seconds) 

Without preprocessing 2.46778  8883.626732 
Preprocessing 1.1561 4162.1 

 

From the results in TABLE IV, the resulting computational 

time in the preprocessing corpus is indeed faster when 

compared to the corpus without preprocessing. However, if 

you look at the computational time required to process 1000 
data, it takes 4162.1 seconds, then it can be concluded that 

running is very slow. Therefore, not all the datasets were used 

in this experiment, only 1000 data were used. So, the more 

time it takes to process the data, the heavier the computer's 

processor will work, thus affecting the bandwidth usage 

required to be greater. The experiment was again carried out 

using random data with 1000, 2000 and 3000 trials made, then 

the results were obtained. 

TABLE V 

RESULTS FROM FS_ANAMNESA COLUMN 

 1000 

random 

data 

2000 

random 

data 

3000 

random 

data 

Average Precision 0.56 0.68  0.78 

Average Recall 0.83 0.58 0.43 

TABLE VI 

RESULTS FROM FS_DIAGNOSA COLUMN 

 1000 

random 

data 

2000 

random 

data 

3000 

random 

data 

Average 
Precision 

0.63 0.75  0.80 

Average Recall 0.67 0.50 0.32 

 

Table 5 is the results of calculations using the 

FS_ANAMNESA column. TABLE VI is the calculation result 

using the FS_DIAGNOSA column. However, the results of 

the two are similar, namely the average precision value is 
better when using 3000 rows of random data, namely 0.78 for 

FS_ANAMNESA and 0.80 for FS_DIAGNOSA. Meanwhile, 

the average recall can get a value of 0.83 for FS_ANAMNESA 

and 0.67 for FS_DIAGNOSA. 

Evaluation performance, which is still relatively low, can 

be caused by several factors, including (i) the data used is still 

small when compared to the total number of datasets; (ii) The 

preprocessing stage for RekMed data still needs to resolve the 

word typo. One of them can be seen from the FS_DIAGNOSA 

column, which explains a lot of medical words, so it requires 

the help of medical personnel to translate the meaning of these 

words; (iii) The dataset still contains various words that have 

not been normalized, such as writing abbreviations, writing 

dates that are not in the same format, and using + (positive) 

and - (negative) signs to describe a certain disease; (iv) 

Diversity in the use of language, such as words written in 

Indonesian, Javanese and English. In the future, it might be a 
suggestion for further research to improve the preprocessing 

stage of the dataset with the aim of equating the meaning of 

words into an agreed language so that users can understand 

what is written. 

IV. CONCLUSION 

The model evaluation results based on 1000 medical record 

documents and testing with 20 search queries in this study 

gave an average-precision-value of 0.548 and an-average 
recall value of 0.796. Low precision and high recall values 

indicate the model can predict more true positives. The 

retrieval results and evaluation values depend on the number 

of documents in the corpus and the queries entered, so many 

documents will likely be retrieved later, and the precision and 

recall values may change if there are adjustments to the 

number of documents and the use of other search queries. The 

search process in this study uses a cosine similarity 

calculation which only assesses the-similarity-between-

documents-based-on-the closeness of the distance between 

the document and the query syntactically, while searching for 
RekMed documents requires consideration of semantic 

proximity, which other methods can implement. 
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