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Abstract 

We studied methods to convert medical prescriptions in free 

text to a structured form for pharmacy insructions and 

planning nursing activities in hospitalized patients. We 

compared Natural Language Processing (NLP) with Parsing 

Process (PP), both for the Spanish language. We studied 

87,750 and processed 65,000 prescriptions and recovered 

62% and 65% with NLP and PP to a structured format 

respectively. The difference between the methods is significant 

(p < 0.001) and further work is needed to determine if 

combining them will have higher performance. 
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Introduction 

Physicians usually prescribe medications in free text, 
however, computer systems need this information in a 
structured way to organize the data so that the pharmacy can 
deliver the medications and nurses can organize their tasks [1]. 
Computerized Provider Order Entry (CPOE) can reduce 
medication errors; but, its benefits are only achieved when 
data is entered in a structured format and entries are properly 
coded [2]. 

To process the information by computer, the system extracts 
the data from many fields. The system analyzes the following 
information: generic drug name, dose, strength, posology, 
route of administration, care and recommendations that are 
required to comply with the medication.[3].  

FHIR standard (Fast Healthcare Interoperability Resources) 
has resources to manage pharmaceutical orders but it needs 
this information to be structured. Thus it is fundamental to 
perform the data extraction in different fields to match the 
FHIR interoperability standard [4]. 

Automated dispensing cabinets for pharmacies use HL7 and 
the information to construct the messages needed in a 
structured way [5] [6] . 

A prescription is an order for medication which is dispensed to 
a patient. The medical prescription is not enough for the 
pharmacy to deliver the medication of the day to different 
departments. It requires prior processing so that the 
pharmacist knows the daily amount of each drug to deliver 
[7]. The pharmacist verifies the legality, safety and 
appropriateness of the prescription order, checks the patient 
medication record before dispensing the prescription (when 
such records are kept in the pharmacy), ensures that the 
quantities of medication are dispensed accurately and decides 

whether the medication should be handed to the patient, with 
appropriate counselling, by a pharmacist [8]. 

Even if doctors are becoming more accustomed to entering 
data in a structured way using CPOE, there are prescriptions 
in free text form that need to be processed.  

Our question is: “How good can the medical prescription 
extraction process be when using a free text input for Spanish 
language?” 

We studied Natural Language Processing (NLP) and Parsing 
Process (PP) as two possible methods to process unstructured 
text. 

Methods 

The objective of this work is to demonstrate that it is possible 
to recover information about medications in a structured 
format. Passing the narrative medical prescription through 
NLP is a helpful tool for doctors to better transform it in 
structured format for hospitalized patients.  

We build the NLP routine for this study in C# .net using the 
Stanford CoreNLP technology tools. 

The PP routine was developed by our programmers. Since the 
data we have uses a fixed pattern, we use the regular 
expression technique to extract and control its elements.  

A retrospective,,observational, cross-sectional, descriptive 
study was designed. The sample consisted of 87,750 medical 
prescriptions collected consecutively during March 1th, 2017 
and March 1th, 2018. The medical prescriptions were made by 
the institution's staff and independent external physicians who 
assist patients within the institution. 

We used the following criteria for the study inclusion: 

• Adults pharmacological prescriptions 

• Singular generic drugs (for example, Losacor®", that 
has only one drug (Losartan) but not "Losacor D®" 
that has two drugs Losartan and Hydrochlorothiazide) 

• Commercial names where used (for example, 
"Losacor®" is acceptable for Losartan) 

• One prescription (100 characters per line or field) and 
one drug per line 

• Spelling mistakes and different ways of writing each 
prescription elements that we analyzed 

We used the following criteria for the study exclusion: 

• Non-pharmacological prescriptions such as 
prescription for nutrition, vital signs, studies or any 
other type of indication that is not pharmacological. 

• Pediatric medication 
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• Parenteral hydration plans 

• Medications with more than one drug 

• Multiple line medications 

We included 65,000 and excluded 22,750 medical 
prescriptions collected consecutively with this process.The 
medical prescriptions that met the inclusion criteria were 
processed by the two algorithms. 

The average age of the study population of the samples was 67 
years old, with the maximum age of 96 and the minimum age 
of 22 years. The percentage of males participating in the study 
was 45.3% and the female participation was 54.7%.  

In this study we tested two algorithms: 

1. The PP method 

2. The NLP algorithm 

We considered it a success when the algorithm could complete 
the five fields and the pharmacist confirmed that it was 
correct. 

Results 

The results were the following: we were able to recover 62% 
and 65% with the NLP and the PP method respectively to a 
structured format that could be processed by computer 
systems. Please see tables 1 and 2. 

The difference between the two methods was statistically 
significant when calculated using the Z-test with p < 0.001. 

 

Table 1 – Results in Absolute Values 

  NLP PP 

Correct 40,300 42,250 

Incorrect 24,700 22,750 

 

Table 2 – Results in Percentage 

  NLP PP 

Correct 62% 65% 

Incorrect 38% 35% 

Discussion 

The PP routine used the regular expression technique to 
extract data (i.e., narrative text or speech data) in the context 
of a specific task. Our results have shown that both algorithms 
are capable of detecting more than 60% of the medical 
prescriptions made with free text. However, there is a 
significant difference between the two methods. 

The NLP method has the possibility to learn and improve over 
time, while the PP cannot improve by itself. It requires more 
expressions to be loaded by manual programming.  

Conclusions 

It remains to be seen if these methods can achieve higher 
performance in future. It is possible to make the system learn 
from medical prescriptions through a knowledge thesaurus. 
We will work to incorporate these challenges in future work. 
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