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Abstract— Electronic health records (EHRs) can improve 
physicians' performance and health care quality by describing 
the medical information of patients such as patient's symptoms, 
medical history, results of clinical examination and tests, 
laboratory results, and prescribed medicines. The interpretation 
of the medical information about a patient’s status and a 
patient’s medical history often offers important clues for the pre-
diagnostic process. However, nowadays the medical history 
information is the most abundant unstructured data type in the 
EHRs and still in free text. The data arrangement and retrieval 
of such free text parts become difficult to analyse 
computationally. This study offers a methodology to analyse free 
texts in Turkish EHRs to diagnose diseases by using text-mining 
(TM) and natural language processing (NLP) methods because 
TM and NLP methods are able to extract useful knowledge from 
unstructured free texts.  
      Proposed method (bi-gram based word associations) was 
tested for neuromuscular disease reports and the results achieved 
for selected performance metrics were compared with Naive 
Bayes method results. Accuracy for the proposed method and 
Naive Bayes method are 73.33% and 58%; sensitivity/recall 
values are 0.78 and 0.76; specificity values are 0.80 and 0.55; 
precision values are 0.82 and 0.66; and f1-score values are 0.60 
and 0.81, respectively. 
      Consequently, TM and NLP with a good accuracy rate of 
classification of neuromuscular diseases to be predicted from free 
text of medical history can integrate into EHRs as a diagnostic 
tool to improve clinical decision support system (CDDS) on the 
pre-diagnostic time period.  
 
Keywords— Turkish, text mining, electronic health records, 
clinical decision support system, health information 

 

I. INTRODUCTION 

Electronic health records (EHRs) by describing the 
medical information of patients such as patient's symptoms, 
medical history, results of clinical examination and tests, 

laboratory results, and prescribed medicines can improve 
physicians' performance and health care quality [1]. Data 
types captured in EHRs can be various from structured 
information to unstructured information [2].  Medical history 
retrieved by EHR as free text allows physicians to have a 
more comprehensive view of the patient by providing 
extensive information and care options. The interpretation of 
the medical information about a patient’s status and a patient’s 
medical history often offers important clues for the pre-
diagnostic process to help refute or substantiate the diagnosis 
and request additional laboratory or radiological exams that 
differential diagnosis are presented with respect to the medical 
history, physical examination, and laboratory tests. Thus, this 
is so important part in EHRs to simplify decision complexity 
in many medical situations [3]. However, nowadays the 
medical history information among the most abundant 
unstructured data type in the EHRs is still in free text and the 
data arrangement and retrieval of such free text parts become 
difficult to analyse computationally because the word phrases 
and expressions can be too subjective and highly 
heterogeneous. Additionally, the context can reflect each 
writer rather than a standardized system and can hold intricate 
vocabulary with medical terms, abbreviations, acronyms, and 
local dialectal terms [4]. For these reasons, unstructured EHR 
text may provide complete descriptions that would not have 
been possible to obtain from data in a structured form. Natural 
language processing (NLP) and text-mining (TM) tools are 
essential for extracting useful knowledge and structured 
information by analysing the diversified viewpoints of written 
data from free texts and have many applications in various 
fields [ 5- 8]. 
 

In this study, we aimed to develop a methodology based 
on TM that allows classification of neuromuscular diseases to 
be predicted from free text of medical history in EHRs in 

7th International Conference on Advanced Technologies (ICAT'18) April 28-May 1,2018,Antalya/TURKEY_________________________________________________________________________________________________________________

    E-ISBN: 978-605-68537-1-5     547      



order to improve clinical decision support system (CDSS) on 
the pre-diagnostic time period.  
 

II. METHODOLOGY 

A. Data 

 
We evaluated a total of 2300 EHR reports acquired from 

the routine clinical practice of Physical Medicine and 
Rehabilitation Department at Medical Faculty of Gazi 
University in the years of 2012 to 2015 and randomly selected 
150 reports to analyse proposed method (bi-gram based word 

associations). Each report is written in Turkish language and 
has the similar structure. We extracted and prepared the 
corresponding free text documents from the EHRs belonging 
to 5 different common neuromuscular diseases included carpal 
tunnel syndrome (CTS), peripheral neuropathy (PNP), 
cervical radiculopathy (CRP), brachial plexus or sciatic nerve 
injury. Fig. 1 shows the main structure of reports consisting of 
headers, free texts and footers in routine clinical use in the 
related clinic that is noticed before. The Ethics Committee at 
Gazi University School of Medicine approved this study. 

 

 

 
 

Fig. 1 Clinical reports used for the relation extraction between patient's history and preliminary diagnosis (in .xls format)  
a) patient information, medical history information as free text and results of clinical examination and tests b) results of NCS tests using EMG.  

c) results of needle EMG tests d)  results and diagnosis 
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B. TM and NLP Methods 

NLP is a branch of artificial intelligence that deals with 
analysing, understanding and generating the languages that 
humans use naturally in order to interface with computers in 
both written and spoken contexts using natural human 
languages instead of computer languages. NLP has commonly 
main five steps including lexical, syntactic, semantic, 
disclosure and pragmatic analysis. 

 

TM is often used to analyse information hidden in the text 
of a document and to extract key words, phrases, and even 
concepts from written documents. The main purpose of the 
TM is to analyse texts automatically without manually sorting. 
There are several techniques in TM and Fig. 2 shows the steps 
of TM process. 

 

 

 

Fig. 2 Steps of TM process 

 

We demonstrated how to derive useful information from 
the unstructured text in the EHR for pre-diagnosis. Fig 3 
shows overall architecture of the proposed system. 

Fig. 3 Overall architecture of the proposed system 

 
Pre-processing (an ontology-based normalization process) 

step was initially performed, applying a cleaning process (e.g., 
spell checking, replacing acronyms, removing duplicated 
characters, and applying grammar rules) [9]. Next, we 
identified the regions of interest on a document, such as a 
document structure analysis that is introduced as a pseudo-
code following:  

 
1. Begin 

2. Choose the folder that has medical reports 

3. Eliminate all the irrelevant files that differ from .xls files 

4. Find excel sheet named “electrophysiological findings” in 
each report 

5. Get the text between “Result” (seen as "SONUÇ" in Fig. 1(d)) 
part and “Dr” words in each “electrophysiological findings” 
sheet 

6. If the “Result” part and “Dr” words are not included 

7. Get the file name with file path 

8. Fix the report manually  

9. End if 

10. Add all the text that found in 5th step into a variable that 

defined in a type of StringBuilder (a pre- defined java library) 

11. Obtain an output file using the result of previous step 

12. Find different diseases manually in the output file  

13. Define different arrays to contain negative and positive results 

of the selected illnesses 

14. Use the defined arrays to get the preliminary diagnosis (seen 

as "Ön Tanı" in Fig. 1(a)) part of each patient 

15. Collect all the preliminary diagnosis of different illnesses 

together as patient and healthy 

16. Obtain the files according to the results of the previous step 

17. End of the algorithm 

Misspelled word correction (spelling correction) refers to 
recognizing and rectifying the mistakes, which the user 
generally makes while writing text. These spelling errors can 
be non-word errors, real-word errors. Many misspelled words 
such as incorrect words and words with missing letters, were 
found when the documents were examined. These mistakes 
can cause several problems in the data mining especially 
training the system. There are many spelling correction 
algorithms such as Levenshtein, Wagner and Fisher, Boyer-
Moore, Knuth etc. [10]. In this study, Levenshtein spelling 
correction algorithm based on edit distance of two given 
words (the spelled word in the text and the word in corpus) 
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was used [11]. The result of the spelling correction process of 
the proposed system was shown in Fig. 4. 

 
Then, for better interpretation of the information, we used 

tokenization [12], negation handling, and stemming for Word 
classification. Tokenization is the process of breaking a text 
into words, phrases, symbols, etc. Negation handling is a 

mechanism to detect if an expression is negative. Stemming 
consists in the identification of words with a small syntactic 
variation, for example, “wait” will be in the same category as 
“waiting” [13, 14]. These processes of NLP intend to interpret 
human language by machines in order to perform information 
retrieval and information extraction. Fig. 5 shows Root 
analysis steps of the proposed method. 

 

 
Fig. 4 Result of the spelling correction process of the system   

a)before spelling correction  b) after spelling correction 
 
 

 
Fig. 5 Result of adventitious root analysis process 

 
 
We used keyword-based association method based on 

association analysis [15] and reduced the probability of 
retrieving incorrect data by using, among others, lists of stop 
words, keywords, idiomatic expressions and local nouns. This 
approach was adapted to TM like assigning, interpreting, and 
exporting keywords, tags or semantic information such as 
classification and trend analysis. Fig. 6 shows the steps used 
for association analysis process in the study. 

 
Basic text analysis on unigram and bigram frequencies can 

be helpful when mining datasets of unstructured text. In this 

study we used bigrams explaining which phrases were most 
common in the corpus that we used. A database view of 
associated words of most frequent words was shown in Fig 7. 

Since written language comes with a certain degree of 
flexibility, the unstructured text in the EHR was 
conceptualized by matching terms of Boun corpus [16] 
containing 1400000 (one billion four hundred million) 
Turkish words. to the text corpus of the EHR system. Our 
method captured the massive unstructured text in the EHRs in 
a fully automated manner and infers medical histories.  
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Fig. 6 Flow-chart of word association analysis 

 

 
 

Fig. 7 Associated pairs for most frequent words 
 

C. Evaluation Process 

To evaluate the accuracy and usability of the proposed 
system, we implemented Naive Bayesian method in Java 
language to compare with our proposed TM and NLP-based 

system (keyword-based association algorithm with bi-grams) 
by testing the data with these two methods (Fig. 8).  

In this study, Naïve Bayesian algorithm was used to find 
which one of the disease is matching most suitably with the 
given patient history Since Naive Bayes classifiers are among 
the most successful known probabilistic learning algorithms 
for learning to classify text documents [17]. To calculate the 
probability of words, every patient reports were examined and 
according to the disease names kept in the Mysql database. 
Algorithm calculated the independence probability values of 
each word given in the patient's history so that the algorithm 
gives a percentage of the class to which the patient's history 
belongs to (Eq. 1). 

                                                                         (1) 

 
where D is observed training data, h is P(h\D) is posterior 

probability of h, P(h) is prior probability of h, P(D\h) is 
probability of observing D given that h holds, and P(D) is 
probability of observing D. 

After classification of the reports with Naive Bayesian and 
the proposed method, selected evaluation metrics as accuracy, 
sensitivity/recall, specificity and precision were compared in a 
table for these two methods. 

 
In order to evaluate and determine the best algorithm that 

can be applied onto a specific data set, we considered some 
statistical measures including accuracy, sensitivity/recall, 
specificity and precision.  

 
Accuracy consists in measuring the proportion of values 

correctly predicted. Sensitivity (or recall) classifies, for 
example, the proportion of ill patients. Specificity classifies 
the proportion of negative cases correctly classified, e.g., the 
patients that were correctly classified as not being ill. 
Specificity is one of the most frequent measures used in the 
medical area, derived from the need of maximizing it, 
minimizing any possible false alarms (e.g., cases which a 
patient was classified as not ill, but was in fact ill).  

 
Finally, in pattern recognition, information retrieval and 

binary classification, precision is the fraction of relevant 
instances among the retrieved instances. These statistical 
techniques are very important to evaluate the success of the 
methodology and how to calculate these measures are shown 
in Table I. 

TABLE I 
EVALUATION MEASURES AND FORMULAS 

Measure Formula 
Accuracy                       
Sensitivity             
Specificity            
Precision             
F1-score               

TP=true positive; FP=false positive; TN=true negative; FN=false negative; 
R= recall/sensitivity; P= precision/positive predictive value 
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Fig.8 Testing architecture of the system 
 

III. RESULTS AND DISCUSSION 

In this study, the neuromuscular in-patient and medical 
history records were chosen from the nursing passage records 
stored by the EHRs. Free texts in medical history part in 150 
EHRs were analysed into morphemes, and the relations 
between feature vocabularies were analysed by a TM 
technique to visualize this information. Top 26 words and 
their frequencies acquired from the medical reports in this 
study are shown in Table II. 

TABLE II 
 RELATIONSHIP BETWEEN TOP 26 WORDS (RELATED WITH 

NEUROMUSCULAR DISEASES) AND THEIR FREQUENCIES 

Rank Word Freq Rank Word Freq 
1 şikayet 427 14 daha 123 
2 uyuşma 335 15 ağrı 117 
3 her 236 16 sol 114 
4 el 226 17 ay 110 
5 iki 221 18 belirgin 101 
6 var 214 19 tüm 96 
7 güçsüzlük 214 20 yok 96 
8 gece 194 21 artmak 95 
9 sağ 182 22 hasta 88 
10 yıl 178 23 olan 88 
11 parmak 176 24 uyanmak 75 
12 olmak 161 25 yaklaşık 68 
13 karıncalanma 140 26 son 66 

Freq=frequency 

The evaluation metrics of accuracy, sensitivity, specificity, 
precision and F1-score values of the classification results were 
presented in Table III.  

TABLE III 
 ACCURACY TABLE FOR COMPARISON OF TWO METHODS 

Method 
Accur. 

% 
Sens. 

% 
Spec. 

% 
Prec. 

% 
F1-

score 

Naive Bayes 58.0 76.0 55.0 66.0 0.60 

findAssocs 
with bigrams 

73.3 78.0 80.0 82.0 0.81 

Acc=Accuracy; Sens=Sensitivity; Spec= Specificity ; Prec=Precision 
 

 
We found that accuracy rate of Naïve Bayesian algorithm 

was 58% while our findAssocs with bigrams algorithm was 
73.33%.  

 
In order to support CDSS, the identification of the 

information in EHRs is a labor-intensive task and depends 
strongly on the availability of structured information [18,19]. 
Due to fact that medical history consists of mostly 
unstructured data type, the clues for diagnosis in medical 
history are often lost in the physician-patient communication 
or the physicians simply do not appreciate the patient’s 
perspective fully [20-22]. Therefore, diagnostic support is 
needed for diseases due to a lack of experience with these 
disease and even many sub-specialties. Modern computational 
methods are powerful to assist the physician in generating a 
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diagnosis. Using databases and statistical algorithms, 
scientists attempted to reduce diagnostic mistakes and 
enhance diagnostic accuracy [23-26]. This study showed that 
the application of TM improved the diagnostic quality in pre-
diagnosis process like previous studies basis of selected 
clinical scenarios [23-25, 27]. 
 

IV. LIMITATIONS 

 
This study had some limitations. Firstly, observational data 

included only patients with selected neuromuscular diseases 
but no other diagnoses, e.g. chronic cardiac or pulmonary 
diseases, mimicking a neuromuscular disorder due to the 
nature subject and retrospective study. Therefore this system 
is not yet completely ready for the clinical use in terms of 
above limitation. We believe that the proposed method can be 
integrated into routine clinical use at the Department of 
Physical Medicine and Rehabilitation for real-time CDSS and 
replace the time consuming manual screening of EHRs. 
Secondly, a considerable obstacle to conceptualize free text 
from EHRs is that the terms are not necessarily spelled 
accurately and the sentences may not be grammatically correct. 
In some cases, the clinicians enter text directly into the 
records. 

 

V. CONCLUSIONS 

This research suggests that TM is a valuable technique in 
the analysis of free texts such a medical history in EHRs for 
the fruitful possibility of automatically detecting a disease. 
We believe that the proposed method and our findings could 
be used to improve CDSS, thereby decreasing adverse events, 
more accurate pre-diagnosis, and optimizing neuromuscular 
diseases treatment.  
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