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Abstract

Background: Many previous studies on mining prescription
sequences are based only on frequency information, such as
the number of prescriptions and the total number of patients
issued the prescription. However, in cases where a very
small number of doctors issue a prescription representative
of a certain medication pattern to many patients many
times, the prescribing intention of this very small number
of doctors has a great influence on pattern extraction, which
introduces bias into the final extracted frequent prescription
sequence pattern.

Objectives: We attempt to extract frequent prescription
sequences from more diverse perspectives by considering
factors other than frequency information to ensure highly
reliable medication patterns.

Methods: We propose the concept of unbiased frequent use
by doctors as a factor in addition to frequency information
based on the hypothesis that a prescription used by many
doctors unbiasedly is a highly reliable prescription.
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1 Introduction

Electronic medical records (hereafter called "EMRs") are
designed for the primary use of data, such as the efficiency of
medical work by order entry systems and medical accounting
systems. Secondary data, such as medical research, decision
support, and educational support for young doctors, are
expected to accumulate via promoting the computerization

We propose a medication pattern mining method that
considers unbiased frequent use by doctors. We conducted
an evaluation experiment using indicators based on clinical
laboratory test results as a comparative evaluation of the
existing method, which relied only on frequency, and
included consideration of unbiased frequent use by doctors
by the proposed method.

Results: The weighted average value of the top k for two
different evaluation methods is obtained.

Conclusions: The study suggested that our medication
pattern mining method considering unbiased frequent use
by doctors is useful in certain situations such as when the
clinical laboratory test value is outside of the normal value
range.
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of medical data. Especially, computer-based clinical decision
support systems (hereafter called "CDSS") to support
doctor’s clinical decision making is an important example
of secondary use of EMRs [1]. The CDSS is a system that
provides better medical care to patients by reducing decision
mistakes and sharing medical evidence when medical staff
makes decisions, such as diagnosis and prescription [2].
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Clinical decision support in primary care has attracted
attention recently, and many previous studies have aimed to
improve the quality of medical care by presenting appropriate
treatment procedures to doctors using sequential data mining
[3]. For example, when conducting medication therapy (one of
the therapies used in primary care), the doctor appropriately
selects the type and dose of the next prescription medicine based
on the relationship among patient's specific information, the
current medication and the next medication. Then, many clinical
experiences can be shared, and the next prescription medicine can
be efficiently decided within a range of adaptations by suggesting
frequent sequences extracted from prescription data under the
same conditions to the doctor as well as potential medications
that can be prescribed. Many previous studies have extracted
prescription sequences based only on frequency information,
such as the number of prescriptions and the total number of
patients issued the prescription [4, 5, 6].

However, simply applying sequential data mining techniques
based on frequency information to EMRs are not always
appropriate. Because each doctor has his/her own strategy for
medication, consideration of difference among medication
patterns of doctors is necessary. In cases where a very small
number of doctors issue a prescription representative of a
medication pattern to many patients many times, the prescribing
intention of this very small number of doctors has a large
influence on pattern extraction. This problem introduces bias to
the final extracted prescription sequences. Therefore, we attempt
to extract prescription sequences from more diverse perspectives
by considering unbiased frequent use by doctors as an additional
factor. Our hypothesis is that prescriptions performed by many
doctors unbiasedly are highly reliable.

2 Methods

2.1 Formulation of Frequent Pattern Extraction
Considering Unbiased Frequent Use by Doctors

We start with definition of basic terms. A prescription is a pair
of medicine and dose such as (thiamazole, 5 mg). A sequence
(pattern) is a consecutive sequence of two prescriptions such
as (thiamazole, 5 mg) > (thiamazole, 10 mg). We say a doctor
performedasequence when the doctor performed the prescription
which appears in the consequent of the sequence when the
previous prescription was the antecedent of the sequence. For
example, let @ be the sequence (thiamazole, 5 mg) > (thiamazole,
10 mg). If a doctor performed the prescription (thiamazole, 10
mg) when the previous prescription was (thiamazole, 5 mg), we
say the doctor performed c.

We propose the concept that the unbiased frequent use by
doctors is a factor in addition to frequency information. Thus,
we formulated a prescription sequence mining method that
considered unbiased frequent use by doctors.
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More specifically, we propose the DE-score as a new score
for a sequence calculated by the following formula based on
the Support and D-rank value.

DF —score(a) = Support (a)xD —rank (&)

Here, a is a sequence, Support(a) is a’s support value,
and D-rank(e) is the value of unbiased frequency of a
performed by doctors. In other words, the DF - score() is an
index that combines information based on the patient-based
frequency and the doctors’ unbiased usage.

We define the unbiased frequent use by doctors as an
indicator based on the following factors.

Rate of doctors who performed a certain medication
pattern: p

The unbiased variance representing the usage frequency
dispersion for a certain prescription sequence: ¥, («)

Then, the unbiased frequent rank of a is calculated by the
following formula:

D, ()
Vis ()

D,,.(a)represents the rate of doctors who performed a
sequence a and is defined as follows:

D, (a) _ count|§)l|)(a))

D—rank(a) =

count(D(a))indicates the number of doctors who
performed sequence, & and |D| indicates the total number of
all doctors. Thus, b, represents the rate of doctors who have
performed sequence a out of all doctors.

Vys (@) is defined as the unbiased variance representing
the usage frequency dispersion for sequence for each
doctor as follows:

VUB(a):ﬁ[Z::(di _ay

Here, let Z = {Dl ,D,,....,D, } be the set of all doctors. The
proportion of patients who are prescribed sequence ¢ out of
all prescribed patients by doctor D, isd, and d shows the
average value of the proportion of patients prescribed by all
doctors using sequence ¢ . We obtain D -rank(e) by dividing
D,.(a) by V,, (). Therefore, a sequence performed by
many doctors unbiasedly yields higher D —rank (e) value.

Based on these calculations, Figure 1 shows the entire
process from data acquisition to calculation of the DF-score
of prescriptions. The procedure is as follows:

1 A correspondence table showing the relationship
between the product name and the generic name of
medication is prepared.



1. Create correspondence table (Microsoft Excel)

2. Data extraction
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3. Patient grouping and data formatting (R language)

Product name Generic name PatientID | Timestamp | Item_Dose [mg] Sequence ID | Event ID | number of | Item_Dose [mg]
: S item
Mercazole_5mg Thiamazole 123 2008/08/16 Thiamazole_5 "
1 1 1 Thiamazole_5
Propacil_50m Propylthiouracil i
pacil_ g pyl 123 2008/11/11 Thiamazole_10 1 2 1 Thiamazole_10
4. Perform sequential pattern mining
5. Calculate D-rank and DF-score (SPADE algorithm on R language arulesSequences package)
Sequence Support | D-rank | DF-score Sequence Support

Propylthiouracil_50 0.1216

Propylthiouracil_100 0.0919

351 0.1216

90.8

4.2 Propylthiouracil_50

8.3 Propylthiouracil_100 0.0919

-

Figure 1: Calculation procedure for unbiased frequent use by doctors.

2 'The prescription data and clinical laboratory test value data
from the patients are extracted from the EMRs for analysis
based on the prepared correspondence table.

3 To preprocess the data for sequential pattern mining,
the data extracted from the EMRs is converted into a
transaction form after grouping each patient based on the
clinical laboratory test result.

4 Sequential pattern mining is applied to the transformed
data set to extract frequent patterns.

5 'The unbiased frequent use by doctors (D-rank) and the
DE-score of each extracted frequent pattern are calculated.
Finally, frequent prescription patterns are extracted based
on the DF-score.

3 Experiment

3.1 Data Set

The information in the EMR includes the patient’s name,
age, progress record, and medical imaging. Under the approval
of ethical committee of Kyoto University School of medicine,
we applied prescription data and clinical laboratory test value
data from patients with thyroid disease. These data sets contain
anonymized data acquired from September 20, 2000, to December
22, 2015, by the EMR system KING (Kyoto University Hospital
Information Galaxy) used at Kyoto University Hospital.

3.2 Evaluation Method

To evaluate the objective effectiveness of the extracted
medication pattern, we assessed the degree to which the clinical
laboratory test values improved after prescribing the medication
pattern. For example, when the clinical laboratory test values
were individually considered on a case-by-case basis, some cases
improved and others deteriorated. On this occasion, countless
evaluation approaches can be used depending on the aspect
to be interpreted from the clinical laboratory test value (i.e.,
defining improvement and deterioration based on different
criteria). Therefore, we classify individual cases into several
groups and propose an evaluation method from the perspective
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of the improvement rate of clinical laboratory test values for
each group. For this purpose, we propose the following two
evaluations.

¢ Evaluation method 1: An evaluation method based on
the normal value range.

e Evaluation method 2: An evaluation method based on
the median value of the normal range.

We describe specific definitions and procedures for the
above two evaluation methods. First, we explain evaluation
method 1. In medication therapy for many diseases, including
thyroid disease, prescribed medication is generally selected
in consideration of maintaining the clinical laboratory test
values within the normal value range as much as possible.
Therefore, the normal value range (which is the medical
standard) is considered very useful information for the
measurement of the improvement of the clinical laboratory
test value. Evaluation method 1 is a method based on this
normal value range. A specific score is assigned to each case
based on the clinical laboratory test value state, such as a
transition of one, and the final evaluation value is calculated
by averaging the scores of all cases. The method used to
assign the score is defined based on the clinical opinion of
the specialist. Figure 2 shows an example of a method used to
assign a score according to each clinical laboratory test value
state. The method gives a score when the examination value
state at the time of prescription is within the normal value
range (Figure 2a), has an abnormal value (Low) (Figure 2b)
or has an abnormal value (High) (Figure 2c). The transition
of the clinical laboratory test value after the prescription of a
patient in a certain clinical laboratory test value state in which
a medication pattern is performed is classified as described.
Then, a score is assigned for each case according to the
classification result. Let the clinical laboratory test value at
prescription be J . The next clinical laboratory test value of
V willbe V', the upper limit value of the normal value range
will be N, , and the lower limit value of the normal value range
will be V.
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Clinical laboratory test value

1 e Ld
Atprescription  Next clinical Date
laboratory test

L 4

Figure 2: Examples of a score assignment method in the evaluation method 1.

* Improvement

.« N, SV'EN,
. V<V'<N,
. Ny <V'<V

= Assign score "1"

* Remain unchanged
¢« (N, > V)/\(V :V’)

« (N, <AV =V7")
= Assign score "0"

¢ Exceedance

. (N >SHAV =1)
« (N, <V)AN,>V")

= Assign score "0"
* Deleterious change

e (NLSVENG) AN, <)
. (N, SVEN)AWN, >V
o (N, >V)AWV >V
« (N <AV <V

n_n

= Assign score

The final evaluation value is calculated by the following

formula based on the score assigned to each case.

1 Zn: ( Score, )
nig
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Score, indicates the score value in case i. The final
evaluation value calculated by the above formula represents
the average value of the scores of 7 cases. Evaluation method
1 interprets the pattern with the final evaluation value closer to
1 as the medication pattern that results in better improvement
of the clinical laboratory test value.

Second, we explain evaluation method 2. Since the above-
described evaluation method 1 is a method based only on
the normal value range, concrete values from the clinical
laboratory test values are not taken into consideration.
Therefore, even though the score values assigned in evaluation
method 1 are the same, the actual clinical laboratory test
values may differ. Conversely, evaluation method 2 focuses
on the median of the normal range using a different approach
than evaluation method 1. We compare quantitative values
between case groups before and after prescription using the
distance from the median of the normal range. We evaluate
the transition of the clinical laboratory test value of each
case by RMS (Root Mean Square) using the median of the
normal range. A large weight can be given to a case located
at a distance from the median of the normal range using
RMS, and the influence of the deteriorated case is considered
to more appropriately reflect the final evaluation value. The
evaluation formula is defined as follows:

1 &, 1< 2
Pz -ty
d; is the difference between the clinical laboratory test value
and the median value of the normal range at time f of a case i.
d' is the difference between the clinical laboratory test value
and the median of the normal range of the clinical laboratory
test at time t+1 performed next to the time ¢ . Here, if the
examination value at each time f, t+1 is within the normal
value range, set the value of d,,d", to 0 to give discontinuity
between the distance within the normal value range and the
distance outside of the range. Thus, evaluation method 2
interprets a medication pattern with a smaller final evaluation




value as a pattern that can better improve the inspection value.

For example, Figure 3 shows that the final evaluation value is
calculated by the following formula:

d'1+d‘2+0+d'4 _\/d1+d2+d3+d4 (_.di_o)
. 3_

4 4

3.3 Procedure

Figure 4 shows the evaluation procedure. The procedure is

outlined below.

1. Patient data for a specific condition for analysis are
extracted from the EMRs based on the information from the
current clinical laboratory test value state and the previous
prescription medicine.

2. Prescription sequences are extracted by applying the
proposed method and the existing method to the patient
data; then, the next medicine to be prescribed is analyzed.

3. Regarding the next prescribed medicine extracted by each
method, the evaluation value for the improvement of
the clinical laboratory test value is calculated by the two
evaluation methods described in Section 3.2. Then, the
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* TSH is an abnormal value (High); FT3 and FT4 are
normal values.

For each of these three patterns of the clinical laboratory
test value state, we consider two previous prescription
medicines patterns: thiamazole 5 mg and thiamazole 10 mg.
The evaluation was conducted based on the combination
of the patient’s condition using six (3 x 2) patterns in total.
In step (2), prescription sequence mining was performed
for the six total patterns described above using the existing
method based only on frequency information and the
proposed method that considered unbiased frequent use by
doctors. Then, the medicine to be prescribed next in the same
situation was analyzed based on the prescription sequences
extracted by each method. In step (3), the evaluation values
for the improvement of the clinical laboratory test values were
calculated for each prescription sequence extracted in step (2)
using the two evaluation methods described in Section 3.2.
Then, by comparing the average value of the top k evaluation
values of the prescription sequence extracted by each method,
we examined how the proposed and existing methods
properly extracted patterns that resulted in improvement of
the clinical laboratory test values and evaluated the objective
effectiveness of the extracted patterns by considering
unbiased frequent use by doctors. Moreover, to measure the

average value is compared with the top k evaluation values. performance of top  ranking of the existing and proposed

method, we used a weighted average value based on the rank.
This formula is defined as follows:

1 & SCORE,

k' log, (i+ 1)

We describe each of the above steps in detail. In step (1),
patient data for a specific condition were first extracted based on
clinical laboratory test value state patterns. The clinical laboratory
tests we use are TSH (thyroid stimulating hormone), FT3 (free
triiodothyronine) and FT4 (free thyroxine). In our experiment,
we focus on the following three patterns of the clinical laboratory
test value state:

e TSH, FT3, and FT4 are normal values.

SCORE, shows the evaluation value for the improvement
of the clinical laboratory test value in the medication pattern
of ranking i calculated by each evaluation method. For a
value of k, we considered the eventual recommendation of

» TSH is an abnormal value (Low); FT3 and FT4 are normal :
the pattern to the doctor; because the maximum number of

values.

>

Clinical laboratory test value

Median of
the normal range

l
1 >
At prescription Next clinical Date
laboratory test

Figure 3: An example of a case group with an abnormal value (high).
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B patternsl

2 patterns |
= : *TSH=Normal value +TSH=Abnormal value (Low) *TSH=Abnormal value (High)
T mmazc:' e_Smg *FT3=Normal value or{-FT3=Normal value or { -FT3=Normal value
Thiamazole_10mg *FT4=Normal value -FT4=Normal value *FT4=Normal value

= Previous prescription medicine

*Clinical laboratory test value state

i’aﬁent

Existing method Proposed method
Evaluation Evaluation Evaluation Evaluation
method 1 method 2 method 1 method 2
(1) Thiamazole_10mg 0.74 1.54 # (1) Thiamazole_5mg 0.78 1.61
(2) Thiamazole_20mg 0.48 1.42 (2) Thiamazole_15mg 0.32 1.22

Figure 4: Evaluation procedure.

Table 1: Average values of the top k (Evaluation method 1).
TSH, FT3, FT4=Normal/value

Existing method

k=1 k=2 k=3 k=4 k=5

Thiamazole_5 mg 0.840 0.604 0.365 0.259 0.180

Thiamazole_10 mg 0.772 0.563 0.470 0.428 0.360
Proposed method

k=1 k=2 k=3 k=4 k=5

Thiamazole_5 mg 0.840 0.310 0.304 0.183 0.129

Thiamazole_10 mg 0.772 0.608 0.442 0.334 0.311

(TSH=Abnormal value(Low)) A (FT3, FT4=Normal value)

Existing method

k=1 k=2 k=3 k=4 k=5

Thiamazole_5 mg 0.232 0.173 0.159 0.162 0.143

Thiamazole_10 mg 0.231 0.080 0.080 0.057 0.060
Proposed method

k=1 k=2 k=3 k=4 k=5

Thiamazole_5 mg 0.397 0.280 0.234 0.195 0.174

Thiamazole_10 mg 0.189 0.086 0.095 0.059 0.058

(TSH=Abnormal value(High)) A (FT3, FT4=Normal value)

Existing method

k=1 k=2 k=3 k=4 k=5
Thiamazole_5 mg 0.612 0.428 0.367 0.343 0.312
Thiamazole_10 mg 0.536 0.426 0.386 0.342 0.305
Proposed method

k=1 k=2 k=3 k=4 k=5
Thiamazole_5 mg 0.612 0.494 0.446 0.381 0.335
Thiamazole_10 mg 0.501 0.419 0.349 0.327 0.299

00—
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Table 2: Average values of the top k (Evaluation method 2).
TSH,FT3,FT4=Normal/value

Existing method

k=1 k=2 k=3 k=4 k=5

Thiamazole_5mg 1.704 0.900 0.923 0.913 0.899

Thiamazole_10mg 1.602 1.349 1.494 1.286 1.170
Proposed method

k=1 k=2 k=3 k=4 k=5

Thiamazole_5mg 1.704 1.038 0.947 0.951 0911

Thiamazole_10mg 1.602 1.286 1.161 1.077 1.138

(TSH=Abnormal value(Low)) A (FT3,FT4=Normal value)

Existing method

k=1 k=2 k=3 k=4 k=5

Thiamazole_5mg 0.219 0.172 0.160 0.138 0.123

Thiamazole_10mg -0.021 0.629 1.115 0.850 0.764
Proposed method

k=1 k=2 k=3 k=4 k=5

Thiamazole_5mg 0.171 0.171 0.148 0.129 0.120

Thiamazole_10mg 1.086 0.583 0.385 0.507 0.454

(TSH=Abnormal value(High)) A (FT3,FT4=Normal value)

Existing method

k=1 k=2 k=3 k=4 k=5
Thiamazole_5mg 6.755 4,570 2.633 1.864 1.481
Thiamazole_10mg 0.083 0.032 0.057 0.032 0.035
Proposed method

k=1 k=2 k=3 k=4T k=5
Thiamazole_5mg 6.755 4.164 2.605 1.686 1.641
Thiamazole_10mg -0.029 0.011 0.041 0.026 0.013

Recommended prescription:
| Rank 1: Thiamazole 5 mg ¢]

Data on patient proportion by doctor (By patient proportion) Transition of TSH of other patients when prescribed in this pattern

:Patients prescribed in this pattern

Patient proportion

upper limit

clinical laboratory test value

lower limit

60 days ago prescription day 60 days after

doctor Number of days based on prescription day

Figure 5: An example of user interface of predictions for the next medication for a disease [8].

elements that humans can recognize in short-term memory is five the formula (1) for the top k (k=1,2,...,5) using the

[7.],.we use k values ranging from 1to 5. In this. experim.ent, the oy aluation method 1 and 2, respectively. Each table shows the
clinical laboratory test value item of the analysis target is TSH,

because TSH reacts more sensitively even with a small amount of perfor‘maflce results of the abov'e-mennoned six total pattern
thyroid hormone excess or deficiency than FT3 and FT4 and can combinations. The lower table is the results of the proposed

accurately capture small changes in the thyroid hormone. method, and the upper table is the results of the existing
method. Recall that larger the value the better the method

4 Results in the evaluation method 1, and vice versa in the evaluation
method 2.

Table 1 and 2 show the performance result calculated by
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5 Discussion and Conclusion

First, when TSH, FT3, and FT4 are within the normal value
range, the existing method shows better performance in almost
all cases, in the evaluation method 1. In the evaluation method 2,
the existing method shows better performance when the previous
prescription medicine was thiamazole (5 mg), while the proposed
method gives better performance when the previous medicine
was thiamazole (10 mg). Under these circumstances, we suggest
that better improvement of the clinical laboratory test value can
be expected in the existing method than the proposed method
when TSH, FT3, and FT4 are within the normal value range.

Second, when TSH has an abnormal value (Low) and the FT3
and FT4 values are in the normal range, the proposed method
has a better evaluation value in almost all cases in both evaluation
methods 1 and 2. Thus, improvement of the clinical laboratory
test value can be expected in the proposed method in this case.

Third, when TSH has an abnormal value (High) and the FT3
and FT4 values are in the normal range in evaluation method 1,
the evaluation value of the existing method is better when the
previous prescription medicine is thiamazole (10 mg), and the
evaluation value of the proposed method is better when the
previous prescription medicine is thiamazole (5 mg). In evaluation
method 2, the proposed method has a better evaluation value in
almost all cases. Thus, improvement of the clinical laboratory test
value can be expected in the proposed method in this case.

In conclusion, the present study suggested that our prescription
mining method is useful in certain situations such as when
patients are not in normal condition (i.e. the clinical laboratory
test value is outside of the normal value range). This result suggests
our method supports medial doctors more efficiently to decide a
reasonable choice for clinical improvement especially when such
decision is difficult.

Finally, we discuss possible future extension of our work. In
this study, the data mining methods used only prescription
data and clinical laboratory test value data. However, various
other information recorded in the EMRs including personal
information, such as age, gender, weight, and history of disorder,
can be effectively used for data mining. Progress notes written in
natural language, various medical imaging data, and information
from outside of the hospital (i.e., a life log) can also be effectively
used in combination with our study. Other possible extension
includes evaluation experiments using data other than thyroid
diseases and data from multiple medical institutions. A prototype
of user interface for suggestions of medications to prescribe next
is shown in Figure 5 [8].
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