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Abstract

Introduction: Medication errors in patients’ medical records can influence the
healthcare quality and cause risks for them. It is, therefore, crucial to apply appropriate
procedures to reduce these errors. This study sought to develop a software for detecting
medication errors through qualitative analysis of patients’ medical records.

Materials and Methods: The software was developed using object-oriented analysis
and Java. The text was first pre-analyzed using a framework known as Stanford Core
NLP. In the next stage, the text was turned into a semi-structured passage to be connected
to Dr Onontology using Apache Jena framework. The name and dosage of available
drugs were then extracted in the physician order forms and the patient progress notes.
The areas of mismatch were identified through comparing the data obtained from these
two forms.

Results: Software assessment was conducted in two stages. In the first stage, the
capability of the software in proper recognition of medicine’s name was measured,
as100 completed forms containing physician order forms with a total number of 1014
drugs were used for text mining and error detection. After running the analysis in the
error detection software, 93% of the drugs were properly recognized. In the next stage,
comparisons were made between the physician order forms and the patient progress
notes to find possible mismatches. Out of 1000 recorded drugs in the analyzed forms,
the software was able to properly detect mismatches in 91.8% of the cases. The
medication data available in i2b2 were used for conducting the assessment.

Conclusion: Given that medical records are of paramount importance and their human
analysis is a complicated and time-consuming process, deployment of a text miner with
the capability of quality analysis could facilitate error detection efficiently and
effectively.

Keywords: Medical records, Medication error detection software, Qualitative analysis,
Text miner

1. Introduction prescription data constitute an important proportion of

medical records [3]. These data are usually entered in

ata stored in medical records are of the physician orders form and the patient progress notes

critical importance [1, 2] since they [4]. The importance of medication data has to do with

can be used to ensure that benefits of their role in detecting possible errors in prescribing or

patients and health care providers are taking medicine, which significantly contribute to

realized and data could meet treatment, patients’ reduced safety or even death. As long as

legal, and managerial expectations. Patients’ regulations permit, data quality analysis is conducted
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to identify and address deficiencies and errors in
patients’ medical records. This process guarantees
data quality, including medication data, and makes it
possible to prosecute the health care team, especially
physicians and nurses, in medical auditing [5].

The process of quality analysis comprises a
quantitative and a qualitative phase. In the quantitative
phase, the presence or absence of data is investigated.
In the qualitative phase, however, attempts are made
to assess the adequacy and validity of data in medical
records, which entail clarity, timeliness, relevance,
definition, and data visualization [6, 7]. Carrying out
qualitative analysis of medical record data is not easy
for human beings and has some complications
including:

Discrepancy in the nature of data

Data related to various treatment steps are different
in nature. For example, the nature of laboratory data is
different from that of pharmaceutical data. Given such
discrepancies, different checklists are developed to
qualitatively analyze data related to each of the
treatment steps [6, 7, 8].

The time-consuming nature of qualitative data
analysis

The process of qualitative data analysis is time-
consuming. As a result, in many centers, random
sampling is used to study a limited number of medical
records [9].

Human errors

Due to the complexity of qualitative data analysis
process and the importance of information in medical
records, carrying out qualitative data analysis requires
maximum precision. Thus, errors may occur if humans
conduct qualitative data analysis [10].

The presence of such complications indicates the
importance of using facilitating tools to improve the
process of qualitative data analysis. A group of tools
that can be used for this purpose are text miners [11].

Text mining of medical records is typically
comprised of two steps. In the first step, the entity of
expected words and expressions are properly
recognized and extracted from the text [12]. This
process, which is known as nominal entity recognition,
is conducted in light of five techniques, namely rule-
base, machine learning, dictionary-based, ontology-
based, and combined technique [13, 14, 15, 16]. In the
next step, the extracted entities are analyzed [13]. At
the end of this step, the results of text mining emerge.
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A small number of studies have used text mining to
analyze medical records. For example, a research
was conducted in University of Texas based on the
UIMA framework and the RxNorm [17] naming
system. The study led to the development of a
medication information extraction system— namely
Medex-UIMA, which has the capability to identify
the name, dosage, and drug use period in healthcare

texts [18].

In another study, text mining was utilized to establish
a framework to extract pharmaceutical concepts and
their interrelations in patients’ medical records. This
study was carried out using UMLS database [19].

Given the importance of conducting qualitative data
analysis in medical records and the significant role of
medication data error recognition in improving
patients’ safety [20], the current study sought to use
text mining techniques to develop a software to detect
medication data errors in medical records. The
designed software was subsequently used to compare
data in the physician order forms and the patient
progress notes with the aim of identifying errors in
medicine documentation as soon as they are
committed.

2. Materials and Methods

Materials

In this study, attempts were made to develop a
software which could be used to analyze and compare
medication forms in medical records with the aim of
recognizing and reducing errors. To this end, first the
software requirements were identified. In the next
stage, based on the identified requirements and by the
use of object-oriented analysis, the software was
analyzed precisely and three-layer architecture was
designed for it. Each layer not only has its particular
responsibilities and features, but also can directly
interact with the next layer above or below. The three
layers entail data access layer, business layer, and
presentation layer. The responsibilities of each layer
are described below.

Data Access layer:

This layer is responsible for accessing data outside
the software. Using the Apache Jena framework and
Spargl programming language, it interacts with the
ontology used in the software and conducts necessary
searches. The ontology, which is named DrOn and is
based on RXNORM, contains medication information
such as brand name, generic name, and equivalent
names for drugs. The search output is sent to the higher
level for processing.
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Business layer

This layer includes the major logic of the software
and processes the data sent from the lower layer. In
this layer, StanfordCoreNLP framework is used for
some text processing. After text processing, the results
of text mining of available data in the two forms are
compared and the final output is sent to the upper layer
to be displayed to the user.

Presentation layer

This layer encompasses all parts of the software that
are visible to the user and is responsible for
establishing relationship between the user and the
software logic.

The software was developed using Java.
Software assessment

Software assessment was carried out in two stages.
In the first stage, the software capability in proper
recognition of the names of medicines in the text was
gauged. To do so, 100 completed forms which
contained physician orders with a total number of
1014 drugs were used for text mining and error
detection. In the next stage, comparisons were made to
find similarities between the physician order forms
and the patient progress notes.

3. Results

At the end of the process of developing the software
which aimed at detecting errors in medication data of
medical records, attempts were made to assess the
software. To do so, 100 completed forms which
contained prescriptions with a total number of 1014
drugs were used for text mining and error detection.
After running the analysis in the error detection
software, 93% of the drugs were properly recognized.
Overall, 76.7% were correctly recognized, while
23.3% were erroneously identified. In the next stage,
comparisons were made to find similarities between
the physician order form and the progress note. In
this stage, 100 pairs of the physician order forms and
the patient progress notes were compared.

In each comparison, the medication data recorded
in the physician order form were compared with
those recorded in the patient progress note. Out of the
1014 available drugs, 91.8% of medication
mismatches (which indicate errors in recording
medication data in the two forms) were properly
detected. However, the software failed to recognize
8.2% of the mismatches in the two forms. It should
be noted that the medication data available in i2b2
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were used for conducting the assessment.

4. Discussion

The importance of medication data has to do with
their use in recognizing errors committed in the
process of prescribing and consuming drugs. These
errors could strongly reduce patients’ safety and may
even result in their death. Text miners — one of which
was developed in the current study — can be used for
qualitative analysis during the documentation
process to detect errors as soon as they occur and to
prevent subsequent problems. This error detection
process not only helps patients but also is a great aid
to health care providers and health information
management personnel.

Despite its importance, there are not a lot of studies on
this issue. The most relevant studies are mainly
conducted on drug availability detection. For example,
a study entitled “Extracting and standardizing
medication information in clinical text- the medEx-
UIMA system” was carried out in 2014. The results
indicated that the F value (which is an indicator of
measurement accuracy) for data extraction was around
98.5% and 97.5%. Moreover, the F value for mapping
the extracted drugs into RxNorm was about 85.4% and
88.1% [18]. Another study entitled “A medication
extraction framework for electronic medical records”
was conducted in 2012. The results indicated that the F
value ranged from 800 to 900 [19].

The software developed in this study was used to
analyze two medical forms — namely the physician order
forms and the patient progress notes. It can be regarded
as a primary step to develop an advanced software to
thoroughly analyze patients’ medical records. On the
other hand, the accuracy of the developed software is not
significantly different from the available ones in terms
of identifying drug availability.

There are some important issues about the developed
software that must be taken into consideration:

1. This software is only capable of recognizing
medicines available in DrOn ontology. Every drug that
is not available in this ontology will be discarded as
extra token.

2. Ineach round of analysis, the software is able
to compare and analyze a pair of forms.

3. Violation of grammatical rules in the texts
can reduce the precision of analysis conducted by the
software.

The presence of words or expressions that are
partially similar to drugs’ names in the text can reduce
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the precision of analysis conducted by the software.

5. Conclusion

Given that medical records are of paramount
importance and their human analysis is a complicated
and time consuming process, deployment of a text
miner with the capability of quality analysis could
facilitate error detection efficiently and effectively.

As mentioned before, the results of analysis indicated
that 23% of the items recognized as medicine by the
software were not drugs at all. This can be attributed
to the incompatibility of software requirements and the
used ontology. Thus, the development of an ontology
that can fulfill the software requirements will
significantly improve the recognition precision of the
software. Also, violating grammatical rules can reduce
the accuracy of recognizing drugs. Adding machine
leaning algorithms can measurably minimize this
problem.
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