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Abstract: Medication errors are common, fatal, costly but preventable.
Location of drugs on the shelves and wrong drug names in prescriptions can
cause errors during dispensing process. Therefore, a good drug-shelf
arrangement system in pharmacies is crucial for preventing medication errors,
increasing patient’s safety, evaluating pharmacy performance, and improving
patient outcomes. The main purpose of this study to suggest a new drug-shelf
arrangement for the pharmacy to prevent wrong drug selection from shelves by
the pharmacist. The study proposes an integrated structure with three-stage
data mining method using patient prescription records in database. In the first
stage, drugs on prescriptions were clustered depending on the Anatomical
Therapeutic Chemical (ATC) classification system to determine associations of
drug utilizations. In the second stage association rule mining (ARM), well-
known data mining technique, was applied to obtain frequent association rules
between drugs which tend to be purchased together. In the third stage, the
generated rules from ARM were used in multidimensional scaling (MDS)
analysis to create a map displaying the relative location of drug groups on
pharmacy shelves. The results of study showed that data mining is a valuable
and very efficient tool which provides a basis for potential future investigation
to enhance patient safety.

Veri Madenciligi Kullanarak Tibbi Hatalarin Azaltilmasi i¢in Yeni Bir Ila¢-Raf Diizeni:

Bir Vaka Analizi

Anahtar kelimeler
Birliktelik kurallari,
Veri madenciligi,
flag-raf diizeni,

Tibbi hatalar,

Cok boyutlu dlcekleme

Ozet: Tibbi hatalar yaygin, 6liimciil ve maliyetli ama énlenebilirlerdir. ilaglarin
raflardaki konumu ve regetelerdeki yanlis ila¢c isimleri, ilaglarin dagitim
stirecindeki hatalar1 arttirabilir. Bu nedenle, eczanelerde iyi bir ila¢-raf
diizenleme sistemi tibbi hatalarin 6nlenmesi, hasta giivenliginin arttirilmasi,
eczane performansinin degerlendirilmesi ve hasta geri-doniislerinin
iyilestirilmesi acisindan hayati 6nem tasimaktadir. Bu ¢alismanin temel amaci,
eczacl tarafindan raflardan yanlis ila¢ se¢imini 6nlemek iizere eczane i¢in yeni
bir ilag-raf diizeni 6nermektir. Calisma, 3-asamali veri madenciligi metodu ile
veri tabanindaki hasta recete kayitlarini kullanarak bir entegre yapi
onermektedir. ik asamada, recetelerdeki ilaglar, ila¢ kullanimlar1 arasindaki
iliskileri belirlemek lizere Anatomik Terapotik Kimyasal (ATK) siniflandirma
sistemine gére siniflandirildi. Ikinci asamada, iyi bilinen bir veri madenciligi
teknigi olan Birliktelik Kural Madenciligi (BKM), birlikte satin alinma
egilimindeki ilaglar arasindaki sik rastlanan birliktelik kurallarini elde etmek
icin uyguland. Ugiincii asamada, BKM ile iiretilen kurallar, eczane raflarinda
ilaclarin goreceli olarak yerlerini gosteren haritayi olusturmak i¢in Cok Boyutlu
Olcekleme (CBO) analizinde kullanildi. Cahsmanin sonuglari, veri
madenciliginin hasta gilivenliginin arttirilmas1 tlizerine gelecekte yapilacak
arastirmalar icin temel olusturan degerli ve ¢ok verimli bir ara¢ oldugunu
gOstermistir.
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1. Introduction

The number and variety of available medications
increased due to appearance of different types and
levels of illnesses. Drug types can range from
common and ones with low price, such as antibiotics,
to specific and costly ones, such as cancer drugs.
Unfortunately, this increase in diversity of the
pharmaceutical industry has also raised errors
associated with medications [1]. According to
National Coordinating Council for Medication Error
Reporting and Prevention (NCC MERP) "medication
error is an incident that can be prevented which may
result in or drive to improper medication use or
patient harm [2].” A practical guide by World Health
Organization (WHO) reported that medication errors
can cause therapeutic failure and side effects due to
adverse drug reactions, also wasting time and
available resources [3]. According to report by U.S.
Food and Drug Administration (FDA) occurrence of
medication errors has several reasons such as poor
handwriting, similar named drugs, packaging design
defects, mistakes in dosing units, and non-conducive
work environment or staffing issues [4].

Especially, environmental conditions in pharmacy
such as the location of drugs on the shelves and of
drug names in prescriptions can enhance the error
probability. [5,6]. Joint Commission on Accreditation
of Healthcare Organizations (JCAHO) and Institute for
Safe Medication Practices (ISMP) has suggested that
medications with similar names (look-alike) be
separated on pharmacy shelves, not be stored side-by
side or alphabetically [7,8]. Because, many drugs can
often similar (sound alike) or appear similar (look
alike). Due to the similarities when written or spoken,
these drugs have sometimes been mixed up with each
other [9].

For example, Celebrex®" (generic name: celecoxib),
Cerebyx® (fosphenytoin), Celexa® (citalopram) are
drugs with analogous commercial names and during
preparation of prescription they can be mismatched.
This error can result in serious adverse effects such
as decline in mental status and seizure [10]. Taxol®
(paclitaxel) and Taxotere® (docetaxel) drugs can be
given as another example. These drugs can cause in
fatal results because they are used for treatment
various types of cancer [11].

Kenagy and Stein [12] estimate that confusion of drug
names is responsible for 10000 patient injuries each
year in the US. In previous studies it is reported that
medication errors raised from 0.84% to 2.9% [13-
16]. In summary, mismatch of any drugs while
picking by the pharmacist can result disease
progression and complications, decrease in functional
abilities and life quality and even in death [17,18].

Despite the crucial importance of drug arrangement
on patient’s health, there is lack of studies addressing
this topic. Therefore, this paper aims to provide a
new drug-shelf arrangement system for the

* Use of brand names is for identification purposes only and does not imply 775
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pharmacies with three-stage Data Mining (DM)
method to reduce medication errors during
dispensing process. DM aims to supply new, valuable,
and potentially useful information from big databases
[19,20]. DM techniques can be used extensively in
hospitals, clinics and pharmacies by healthcare
providers to give better and more affordable
healthcare services to the patients [21-27].

2. Material and Method

The empirical study was conducted at a public
pharmacy in Istanbul, Turkey. The pharmacy has a
rectangle area of about 75 m2. On the shelves,
medicines are arranged in alphabetical order. A team
of pharmacists and pharmacist technicians who
worked there were invited to contribute to this study.
They have recorded the medication errors over a 3-
month period (health care products which can be
sold without prescription were excluded the study).
During this process, the greater amounts medication
errors were detected caused by wrong selection of
similar looking drug names from the shelves (about
39% in 102 errors). Therefore, a four-yearly
(01/2010-01/2014) data set including 16657
prescriptions of patients were examined to make
comprehensive analysis. Thus, seasonal or monthly
medication sale effects on analysis are prevented.

The study proposes an integrated structure which
consists of three main stages; Anatomical
Therapeutic Chemical (ATC) drug classification, data
mining, and multi-dimensional scaling. In the first
stage, prescriptions were processed depending on
Cross Industry Standard Practice for Data Mining
(CRISP-DM) methodology. The CRISP-DM
methodology helps to understand data mining
process to make large data mining projects, less
costly, more reliable, and faster [28]. Then, the drugs
were classified into groups according to ATC drug
classification system.

In the second stage, association rule mining (ARM)
which is a widely used data mining technique, was
performed to discover associations between the
drugs using patient prescriptions. ARM is one of the
common methods used to reveal hidden relationships
among attributes [29-33]. The analysis was
conducted by common ARM algorithm, Apriori
algorithm to explore associated patterns in
prescriptions by using SPSS Clementine 12.0 data
mining tool [34]. The algorithm of the Apriori is given
as follows:

Li= {large 1-Item sets};
for (k=2;Ly_ # @; k++) do
Cx = apriori-gen (Lik1);
candidate item sets
for all transactions t e D do
Ci=subset (Cx, t);  // Identify all candidatesin t
for all candidates c € Ctdo
ccount++ // Increment support count
end for

// Generate new
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end for
Lx = {c € Ck |c.count > minsup}
frequent k-item sets
end for
Answer = Uk Lk

// Extract the

In the third stage, generated rules from ARM were
supported with visual map by using Multi-
dimensional Scale (MDS) technique. Therefore, two-
dimensional map of drugs was obtained by
discovering relationships between 1st level ATC drug
groups. Analysis was conducted by the aid of SPSS
Statistics version 21.0 software. The general flow
chart of study can be summarized as in Figure 1. The
detailed information for each stage was explained in
the following sub-sections.

S ——
Pharmacy Database

Data Understanding

The First Stage
Data Preparation
(ATC Classification)

The Second Stage
Association Rules
(Apriori Algerithm)

ot

The Third Stage
Multi-dimesional
Scaling Analysis

New Drug-Shelf
Arrangement

Customer
(Patient)

Figure 1. The flowchart of the study

Pharmacist

2.1. Anatomical Therapeutic Chemical (ATC)
classification

The Anatomical Therapeutic Chemical (ATC)
classification system was developed to support drug
utilization research. ATC classification system
enables access to drug consumption statistics at
international level. ATC classification is hierarchical
and includes five different levels from the most
general (first level) to most specific (fifth level). A
complete ATC code includes large information
regarding the drug’s chemical and therapeutical
characteristics and thus too specific to be classified
based on hundreds examples. Therefore, we
concentrated on the 1st level of the ATC classification
code that shows the anatomical main group and
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presented by one capital letter as demonstrated in
Table 1 [35,36].

Table 1. First level ATC classification

1.st
Level Anatomical Main Groups
Code
A Alimentary tract and metabolism
B Blood and blood forming organs
C Cardiovascular system
D Dermatologicals
G Genito-urinary system and sex hormones
H Systemic hormonal preparations, excluding sex
hormones and insulin

] Anti-infective for systemic use
L Antineoplastic and immunomodulating agents
M Musculo-skeletal system
N Nervous system

Anti-parasitic products,
P . o

insecticides and repellents

R Respiratory system
S Sensory organs
\Y Various ATC structures

2.2.Data mining

Daily life problems in engineering, economics, social
and medical sciences accumulates huge data.
Mathematical methods must be applied to extract
valuable information from this data sets which is
critical in decision making problems. In previous
studies different mathematical tools, such as machine
learning, data mining, data analysis, soft set and fuzzy
soft set theory etc. are applied successfully [37-43].

Data mining includes many different techniques to
achieve various types of information. ARM is a well-
recognized technique in data mining to discover
interesting correlations, associations or casual
structures among sets of items in the transaction
databases. An association rule is expressed of the
form X=Y, where X and Y are disjoint item sets, i.e,,
XNY=@. X and Y are called antecedent of rule and
consequent of rule, respectively. The success of an
association rule can be defined in terms of its support,
confidence, and lift values [19].

Support of a rule is described as the percent
ratio of records that contain XUY in the
database. The support of a rule X=Y can be
expressed as follows:

o(XUuyY)

sX-Y)= N

(1)

Confidence of a rule is the percentage or ratio of
transactions that include XUY to the total
number of records that includes X. The
confidence of the rule X=Y is expressed as
below:

o(XUuY)

cX-Y)= e9)

(2)
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where s and c are the support and confidence value,
respectively, o is the number of transactions and N is
the total number of transactions.

The lift (also called interest) of a rule is used to
discover interesting patterns and measure how much
Y is dependent on X. Lift greater than 1 means that
the item X and the item Y tend to happen together
more often would be estimated by random chance.
Similarly, lift smaller than 1 shows that the item X
and item Y are bought together unlikely than would
be estimated by random chance [44].

2.3. Multi-dimensional scaling

Multi-dimensional scaling (MDS) is a family of
statistical techniques for investigating the structure
of (dis)similarity data as distances in a low-
dimensional space in order to enable the data
attainable to visual investigation. MDS creates a map
displaying the relative positions of a number of items.
In other words, points that are closer together on the
spatial map show similar objects while those that are
further apart show dissimilar one [45-47].

The accuracy of a MDS map can be measured with
stress value. Stress shows the correlation between the
input proximities and the output distances in the
MDS map. Stress values lays between zero and one.
Kruskal's stress function is used for defining of a
model’s success and is expressed with the following
equation [48]:

2;(0ij — dij)?
Zij dizj

Stress =S =

(3)

where 6§ is the value of the proximities among items i
and j, and dj is the spatial distance.

MDS map perfectly fits the input data, if the stress
value is zero. This means the smaller the stress value,
the better the model agrees with the input data. Even
though there is restriction related with stress is
tolerance, the rule was used that a value <0.1 is
excellent and anything >0.15 is not tolerable or
unacceptable [49].

3. Results
3.1. Drug classification

In the pharmacy database, the prescription records of
patients has been collected and stored. The
prescriptions are transferred from the Social Security
Institution (SSI) system or are entered manually. The
raw data set was transferred from pharmacy
database to MS Excel. First, missing prescription
information were identified and extracted from data
set. Then, drugs in prescriptions were classified
according to ATC classification system by using
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information from Turkish Medicines and Medical
Device Agency [50]. The distribution of drugs by 1st
level ATC groups was shown in Figure 2. In order to
determine which drug groups are sold together to the
same patient, a pivot table was also constructed.
Therefore, a list of prescription transactions was
created. It has two dimensions where columns
represent ATC drug groups and the rows represent
patients.

{T-Anti-infective for systemic use

(R)-Resp

V gyslem

[A)-Almentary tract and metzbolism

(M)-Musculo-skeletal system

(N)-Nervous system

(C)-Cardiovascular system

(D)-Dermatologicals

{B)-Blood and blood forming ergans
{G)-Genito-urinary system and sex hor

(5)-Sensory organs

{L}-Antineoplastic and immuno:

c hormonal prepe

(P)-Anti-parasitic products, insecticides and repellents

{V)-Varions ATC structures

=)

3000 6000 5000

Figure 2. Distribution of drugs according to first level of
the ATC classification system

These transactions were then converted to tabular
data format; each record represents a separate
transaction, with as many True/False flag fields.
Because, Apriori algorithm can be built with tabular
data format.

3.2. Generation of association rules

The data mining software, SPSS Clementine 12.0 was
used to generate association rules between drug
groups. SPSS Clementine runs using of icons, which
represent operations and are often referred as nodes.
The nodes are linked together on stream canvas to
generate models, graphs and other outputs [51].

Apriori algorithm is based on three main parameters
which pre-determined by the user; min antecedent
support, max rule confidence and max number of
antecedents. In order to obtain more rules, the values
of min antecedent support, max rule confidence and
max number of antecedent were set to 0.5 %, 20 %
and 1, respectively. These values at this study were
same to that reported in a previous study carried out
in Turkey [46].

Thus, 45 meaningful rules were selected by the model
according to lift ratios (Lift > 1). Because, larger lift
means more interesting rules. Table 2 shows a
sample part of the generated rules, which gives
details on the relationships between drug groups. For
instance; the knowledge on patient who purchase
“respiratory system” drug also tend to buy “anti-
infectives for systematic use” drug at the same time
can be represented in association rule as follow:
Respiratory system = Anti-infectives for systemic
use; [Rule support = 27%, Confidence =65.7%, Lift
=3.6]
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Table 2. Sample of association rules with their support and confidence values

Antecedent Consequent Confidence % Rule Support %
Respiratory system Anti-infectives for systemic use 65.7 27
Musculoskeletal system Alimentary tract and metabolism 39.8 14.8

Nervous system Alimentary tract and metabolism 36.4 10.2

Nervous System Musculoskeletal System 29.1 8.1
Cardiovascular system Blood and blood forming organs 43 4.1

Support of 27% means that 27% over all the
prescriptions, respiratory system (R) and anti-
infectives for systemic use (J) drugs of the ATC
classification system were prescribed together.

Confidence of 65.7% means that 65.7% of the
patients who purchased drugs from “R” group
also bought from “]” group of the ATC
classification system.

On the other hand, the lift of 3.6 means that
patient who purchase drugs from “R” group are
3.6 times more likely to also purchase drugs
from “J” group of ATC classification system than
randomly chosen patients.

In order to show associations between drug groups,
web graph was also produced. The web graph
consists of lines which show the strength of the
connections between the drug groups. Figure 3
illustrates all links between drug groups in terms of
their associations. The darker lines indicate the
strong associations while the discrete lines indicate
the weak associations between two drug groups.

Blood_and_Blood_ |
Farming_Organs —_Antineoplastic_and_
mmunomodulating_

Cardiovascular8
Antiinfectives_for_

Dermatologicals Systematic_Use

Genito_Urinary_ |
System_and_Sex_g;|
Hormones .

Aalimentary_Tract_and_
F-Metabolism

* Various_ATC_
Structures

. Hormonal_

4 ‘Brep ns_exc_Sex_

Respiratory_Systemormones_and_
Insulins

Qalimentary_Tract_and_Metabolism

@ 2ntineoplastic_and_immunomodulating_Agents
Q8lood_and_Blood_Forming_Organs
@Dematologicals

@Musculoskeletal_System
@Respiratory_System

@ Antiinfectives_for_Systematic_Use

@ Antiparasitic_Products_Insecticides_and_Repellents
@ Cardiovascular_System

Q Genito_Urinary_System_and_Sex_Hormones
OMervous_System

Qsensory_Organs

Qarious ATC Structures

Figure 3. Web graph of drug groups
3.3. Visualization of drug groups

Multi-dimensional Scaling (MDS) technique was used
to create map displaying the relative positions of
drug groups on shelves, given a table of distances
between them. For this analysis, confidence values
which were obtained by Apriori algorithm were used
as distances. First, 14x14 (ATC x ATC) input data
matrix was constructed. MDS algorithms uses
dissimilarity Euclidian distance matrix.

Dissimilarity Euclidian distance matrix was created
from input data matrix to use confidence values as
distances, (the values were inversed by subtracting 1
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from each of them). For example, two items with a
high correlation will have small proximities (1- 0.90 =
0.1), which yields in a closer visualization on the map
[52]. Therefore, spatial representation of
relationships of all drug groups are represented in
two dimensional space using MDS. The model stress
was calculated as 0.091 which shows the model is
acceptable. As seen in Figure 4 the 1st level ATC drug
groups were divided into four main clusters
according to strength of association rules.

Derived Stimulus Configuration

Euclidean distance model

up

G_Graup

G o
L_Group S_Group
P_Group
V_Group

H Giowp
0 _Group
O

Dimension 2

21

Dimension 1

Figure 4. Two dimensional map of drug groups
4. Discussion

In this study, 16657 prescriptions, which were
written out by 1478 physicians practicing in various
health care facilities were analyzed. The average
number of medicines per prescription (NMPP) is a
prescribing indicator that is relevant to rational use
of medicines (RUM), was obtained about 2.84. The
NMPP value at this study was similar to that reported
in previous studies conducted in Turkey [53]. The
generated rules from ARM were used in MDS analysis
to cluster of the drugs groups on the two dimensional
map. All drug clusters are represented in the
multidimensional space as shown in Figure 3.

Four different clusters were formed according to
strength of associations between 1st level ATC drugs
groups. While the first cluster consists of anti-
infectives for systemic use (ATC code: J) and
respiratory system (ATC code: R) drugs [R=];
Support=27%, Confidence=65.7%], the second
cluster includes musculo-skeletal system (ATC code:
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M), alimentary tract and metabolism (ATC code: A),
and nervous system (ATC code: N) drug groups [M
=A; Support = 14.8%, Confidence = 39.8%]; [N =A;
Support = 10.2%, Confidence = 36.4%)].

The drugs for cardiovascular system (ATC code: C)
and blood and blood forming organs (ATC code: B)
were placed in Cluster 3 [C =B; Support = 4.1%,
Confidence = 43%]. The last Cluster 4 includes drugs
with low associations and sale numbers, such as
dermatological (ATC code: D), sensory organs (ATC
code: S), systemic hormonal preparations (ATC code:
H), genito-urinary system and sex hormones (ATC
code: G) anti-parasitic products, insecticides and
repellents (ATC code: P), antineoplastic and
immunomodulating agents (ATC code: L), and various
(ATC code: V).

The results of this study indicated that the model
based on ARM can prevent medicine errors by
clustering and then arranging drugs according to
their associations. This strategy is important because
wrong selection of similar looking drug names can be
prevented in a systematic perspective. The model
based drug-shelf arrangement in a pharmacy also
helps to provide the patients’ safety and the overall
quality of care.

5. Conclusion

Preventing medication errors is essential for patient
safety. However, the current drug arrangement
systems in pharmacies cause medication errors. This
paper provides a new drug-shelf arrangement system
with three stage method by considering drug
associations in prescriptions. Therefore, pharmacists
can identify, separate, and store drugs on shelves
according to their associations and sale trends. The
proposed method is also compatible to generate
optimal drug arrangement for the all pharmacies as
ATC classification system is universal. Finally, this
paper is the first study to integrate ATC classification
and association rule mining to solve drug-shelf
arrangement problems in the literature and it
provides a basis for potential future investigation to
enhance patient safety.
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