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Abstract—A sequence variant (SV) containing branches is
considered an extension of a sequence widely used to represent
an ordered list of items. Although comparing such SVs is vital in
practical applications, an efficient method to compare more than
three SVs efficiently has yet to be studied. When the number of
SVs increases, there is a high possibility that common parts do not
exist. Hence, we cannot thoughtfully understand the similarities
and differences among the SVs that were compared. In this paper,
we first develop a method to exclude general items that have
high frequency because they appear in almost every sequence
and then cluster the SVs into several groups using a defined SV
distance. Finally, we calculate the longest common SV in each
group and generate a merged SV to visualize the commonality
and differences of the target SVs efficiently. The proposed method
is shown to be effective when applied to a real medical dataset
from 23 medical institutions.

Index Terms—Sequential Pattern Mining, Electronic Medical
Records, Sequence Variant, Medical Support.

I. INTRODUCTION

A sequence variant (SV) is an extension of a sequence
widely used to represent an ordered list of items. SV is used to
describe a list of partially ordered items where branches exist.
Figure 1 shows an SV example describing a clinical treatment
with branches at “Body Test” and “Surgery”. It means that
there would be whether a “CT Test” or an “X-Ray Test” after
the “Body Test”, and a “Prescription” or an “Injection” after
the “Surgery”. Several works have aimed to analyze such SV
by quantitatively evaluating [1], [2] or studying the reasons
that led to the branches [3]. The concept of SV has been
formulated, and algorithms to visualize the common and the
different parts of the two SVs have been proposed [4]. The
algorithms have been applied to real electronic medical records
(EMR) data and were found to be effective in comparing two
SVs [4], [5].

However, in these works, the proposed algorithms only work
on comparing two SVs, causing limitations in the practical
world. In 2015, the Government of Japan initiated the Millen-
nium Medical Record Project to manage and reuse medical
records nationwide. Because of the increasing number of med-
ical institutes participating in the project, useful methods to
analyze multiple hospitals’ data are highly desired. Comparing

Ryosuke Matsuo, Tomoyoshi Yamazaki

Haruo Yokota
Josai University
Tokyo, Japan

Ochanomizu University
Tokyo, Japan

yasumitsu@li.c.titech.ac.jp matsuo@1ldi.or.jp,yamazaki.cp@gmail.com yokota.h.aa@gmail.com

Prescription

Hospital

Body Test Surgery

Injection

Fig. 1. An illustration of a Sequence Variant (SV)

frequent medical order patterns across various medical institu-
tions and elucidating commonalities and differences in medical
order patterns among medical institutions is expected. Such
comparison will confirm the characteristics of one’s medical
institution and lead to improvements in medical practices by
referencing treatment patterns from other medical institutions.

Efficiently comparing more than three SVs that were ex-
tracted from more than three sequence databases (SDBs) is
highly needed but challenging. As the number of medical insti-
tutions for comparison increases, the commonalities decrease,
making it difficult to grasp the characteristics of medical
institutions accurately. Moreover, as we focus on the data
from multiple sources, there are general items that occur in
almost all sequences; hence, their occurrence will be high.
However, such items are usually optional in the final results.
For example, body or blood tests are generally performed
in almost all the treatment processes but do not give useful
information in the extracted frequent patterns. If such items
are included in the calculation, other essential items with less
frequency may be excluded in the final results.

This paper proposes a clustering-based comparison method
for more than three SDBs. First, we suggest a calculation
to exclude general items during running sequential pattern
mining (SPM) to extract SV from each SDB. In detail, we
consider the total occurrence of the items and the number
of sequences in which the item appears. The items that have
high frequency but appear in fewer sequences will have a
higher probability of being extracted in the final frequency
patterns. For each SDB, we extract its SV and propose an
SV distance (SVD) to calculate the distance among SVs for
hierarchical clustering. Finally, we propose an algorithm for



each cluster to calculate the longest common SV (LCSV) and
merged SV (MSV) for more than three SVs. The proposed
method is then evaluated using a real EMR dataset from 23
medical institutions. It is verified by the medical staff that
the proposed methods are successful in clustering the medical
institutions and visualizing the commonality and differences
in the typical treatment processes of COVID-19 of compared
institutions.

The remainder of this paper is organized as follows. Related
works are summarized in Section II. The proposed methods
and experimental evaluation are described in Sections III and
IV. Conclusion and future works are discussed in Section V.

II. RELATED WORKS

This section gives a brief review of related works on SPM
and analyzing SVs.

A. Sequential Pattern Mining

SPM is a very active research topic including numerous ex-
tension approaches for specific needs. This section introduces
major approaches related to this work: frequency-based SPM
and time-interval SPM. A well-known SPM algorithm is the
Apriori-based frequent-pattern mining algorithm [6]. However,
it is very time-consuming with large datasets and generates
many irrelevant patterns among its results. To exclude patterns,
PrefixSpan [7] was proposed to mine the complete set of
patterns while reducing the effort of candidate pattern genera-
tion by exploring prefix projection. To improve the efficiency
further, CSpan [8] was proposed for mining closed sequential
patterns. For a sequence seq, if there is no supersequence
with the same support as it and containing it, seq is a closed
sequence.

Initially, the method proposed by Agrawal et al. [6] did not
consider the time interval between items. T-PrefixSpan [9] is
a method of extracting frequent sequential patterns from EMR
data that considers time intervals and the efficacy of medicines.
T-CSpan [10] further improves the speed performance by
applying the idea of mining only closed patterns.

B. Sequential Variant Analysis

Honda et al. detected the common part of the closed
frequent pattern with the same number of items for each
relative treatment day [11]. Then, Le et al. proposed methods
to evaluate the reasons why variants might appear by using
multivariate analysis [1], [3]. There has been a method to
compare two SVs by suggesting the concept of common SVs
(CSVs), LCSV, and the MSV and describing the algorithms to
calculate these sequences [4]. Based on the idea in this paper,
Zhao et al. have proposed a method to analyze the transitions
in differences between medical orders for the treatment of
COVID-19 [5].

III. PROPOSAL

In this section, we describe the proposal that is presented in
Figure 2. For each SDB, we perform the SPM algorithm while
excluding general items to extract SVs. Then, we conduct
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Fig. 2. An illustration of the proposed method
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SVD-based clustering based on the calculation of distance
among SVs to cluster the SDBs. Finally, for each cluster, to
generate LCSV and MSV, we perform algorithms that work
with more than three SVs.

A. SPM with Excluding General Items

Only considering an item’s occurred frequency during min-
ing for frequency patterns is not enough as it may exclude
other less frequent but more important items. For instance,
medical orders contained in EMR data are generally catego-
rized into test items and treatment items. Treatment items
mainly include medication, and when analyzing treatment
patterns for a specific disease, treatment items are crucial
medical orders. However, because medical order sequences
often contain numerous test items, frequent medical order
patterns obtained through SPM tend to include many high-
frequency test items, making it difficult to extract treatment
items. This problem arises from high-frequency medical orders
that appear in many sequences and occur frequently within
sequences. This is because SVs are created using the longest
frequent patterns obtained through SPM. Therefore, to extract
treatment items, it is necessary to exclude these test items
while conducting SPM.

In determining which items to exclude, an indicator evaluat-
ing the frequency of occurrences is required. Thus, we propose
the term occurrence per sequence (T'0/S) as the average
number of times an item appears in a sequence.

TO/S(item) — number_of_occurrences(item) o

number_of_sequences

TO/S is calculated for each SDB regarding a specific item.
When conducting experiments involving multiple SDBs, the
excluded items must be determined based on the T0O/S of
each SDB collectively. Therefore, we calculate the maximum
value (Maxz(TO/S)) of TO/S within the target group of
SDBs. Max(TO/S) considers items with high frequency.
Therefore, items with low Maxz(TO/S) have low occurrence
frequencies across all SDBs, mitigating the problem of treat-
ment item extraction during SPM.

In excluding general items with high Max(TO/S), a
threshold needs to be determined. As the objective is to extract
characteristic items, we progressively exclude general items
with high Maxz(TO/S), setting the threshold as the maximum
value at which the extraction of characteristic items remains



unchanged for general items with Maxz(TO/S) lower than a
certain value.

B. SV Clustering

After extracting the SV of each SDB from the target SDB
group, we compare them using MSV. As the number of target
SDBs increases, the LCSV, which is the common part of the
SV, ceases to exist. MSV is used to show both commonalities
and differences between SVs, and even if an MSV is created
from a group of SVs that have no common parts, it will be
similar to simply arranging SVs. Therefore, it cannot be said
that the SV is compared well.

To solve this problem, clustering is used to classify SDB
into several clusters, and MSVs are created within the clus-
ters. During clustering, it is necessary to define the distance
between SVs. In this paper, we propose an SVD calculated by
Equation( 2).

2 x |LCSV (SVy, SV4)|

SVD(SVy,SVa) =1 —
(51, 5V2) |SVA| + | SV

2

Here, |LCSV (SV1, SV2)| and | SV| describe the number of
items in LCSV (SV7, SV,) and SV, respectively.

The clustering method employed is hierarchical clustering.
Although other clustering methods like DBSCAN [12] were
considered, it resulted in numerous clusters with only one
element. Clusters are created based on the dendrogram pro-
duced by hierarchical clustering. The threshold distance for
splitting clusters is determined such that the LCSV exists
within the SVs of the cluster and that the number of clusters is
minimized. Five hierarchical clustering methods are utilized:
single linkage, complete linkage, centroid linkage, average
linkage, and Ward’s method. To extend the proposed method
of creating MSVs for three or more medical institutions to
a larger number of medical institutions, a method is adopted
where clusters containing three or more elements become the
most common.

C. LCSV and MSV Generation Algorithms for More Than
Three SVs

We extend the algorithms [4] that only generate LCSV
and MSV from two SVs to work on more than three SVs.
As the number of SVs increases, the method to generate an
MSYV must be carefully designed to visualize the common and
different parts of the compared SVs efficiently. In this paper,
we propose two algorithms to obtain the MSV from three or
more SVs.

a) Direct Merging Method: This method involves obtain-
ing LCSV for N SVs and directly merging them with N SVs
(Algorithm 1).

b) Distance-based Merging Method: This method in-
volves merging SVs in order of proximity on the dendrogram
obtained during clustering (Algorithm 2).

Algorithm 1 MSV (Direct Merging Method)
1: input: SV;,SVa, ..., SVy
: output: M SV
. LCSV = LCSV (5Vy,8Va, ..., SVN)
: MSV = MSV(5Vy,SV,, LCSV)
for i =3,...,N do
MSV = MSV(SV;,, MSV,LCSV)
: end for

Algorithm 2 MSV (Distance-based Merging Method)
. input: Tree(SVy, SVa, ..., SVy)

: output: M SV

: Tree=Tree(SVy, SVa, ..
Treejefq is left subtree
Treerignt is right subtree

. if Treejest! = Null then

MSVieqy = MSV_TREE(Treecst)
MSViigne = MSV_TREE(Treeyight)
LCSVppee = LCSV(SV in Tree)

return M SV (MSViess, MSVyight, LCSViyee)
. else

Tree has one SV, SVjcqr

return SV, s

: end if

., SVy)
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IV. EXPERIMENTAL EVALUATION
A. Dataset

In this experiment, we focused on medical instruction data
from actual EMR pertaining to the fifth wave of COVID-
19 (July 1, 2021, to September 30, 2021) provided by 23
medical institutions (Medical Institution A, B, ..., W), which
are research collaborators for the study on “Investigation of
the Impact of COVID-19 Infections on Medical Care and
Development of Prediction Models.” Tables I and II present
the information on the medical instruction sequences for each
medical institution.

B. Experimental Environment

To ensure the protection of personal information, a limited
cloud environment managed by Miyazaki University Faculty
of Medicine Hospital (Amazon WorkSpaces) is used as the
experimental environment. This research has obtained approval
from the ethics committee of Kyoto University. To evaluate the
correct occurrence frequency of medical orders with different
notations, drugs with different names but the same compo-
nents, and tests with different methodologies but the same
purpose, preprocessing is conducted to treat these medical
orders as identical before extracting frequent patterns using
SPM. We chose T-CSpan [10] as a basic SPM algorithm.

C. Experimental Results

1) Medical Orders Exclusion: We calculated Maz(TO/S)
for medical orders appearing in frequent sequence patterns,
excluding highly common test items and medical orders with
low relevance to COVID-19 treatment (Table III).



TABLE I
STATISTIC INFORMATION OF SEQUENCES IN THE DATASET (PART 1/2)

[ Institution [ AT B [JCTDTJ[ETTFTG][HTTTTTTK]]
#sequences 130 23 11 102 89 79 126 36 29 104 104
#ave_length (raw) 181.7 | 255.6 | 453 | 153.7 | 242.6 | 2843 | 90.2 | 1274 | 2114 | 317.5 | 112.2
#ave_length (after exclusion) 18.7 56.6 5.3 22.0 47.2 31.8 23.2 15.6 37.2 51.3 35.3
TABLE 11
STATISTIC INFORMATION OF SEQUENCES IN THE DATASET (PART 2/2)
[ Institution [ T T M NTOTJTPTJTQTRTSTTTITUTVIW
#sequences 30 179 228 182 29 57 283 55 69 22 28 22
#ave_length (raw) 275.7 | 2824 | 2725 | 181.0 | 73.7 | 310.0 | 139.2 | 1745 | 189.4 | 340.0 | 2203 | 137.1
#ave_length (after exclusion) 57.8 40.6 46.2 23.0 16.4 66.0 13.3 21.3 36.2 51.1 38.6 18.4
TABLE III 1.0
A PART OF Maz(TO/S) AND EXCLUDED TEST MEDICAL ORDERS ' ]
|
Medical order Max(10/s)] [Medical order Max(T0/s)| 0.8
Sp02 12.0| |uUrinalysis 19 .
Blood glucose measurement 10.2| [syphilis test 16
Respiratory monitoring 9.5| |Electrocardiogram 16
X-ray test 95| |computed tomography scan 15
ey e 53] [dood reanirogen 1i Y 0.6 1
Peripheral blood general test 7.5| |creatinine 1.4 c
Glucose 6.8| |Aspartate aminotransferase 14 ©
Total bilirubin 6.5 |Nasopharyngeal swab collection e ﬁ
C-reactive protein 6.4| |Krebs von den Lungen-6 1.0 5
Intravenous drip 6.2| |Brain natriuretic peptide 0.9 0.4
Ferritin 5.6| |Interleukin 0.9
Blood gas analysis 5.2| |ABO blood type 0.9
D-dimer 5.1| [Hemoglobin Alc(HbA1c) 0.9
in time (PT) 4.0| |Free thyroxine (FT4) 0.8
Sodium and chlorine 3.7 |Thyroid-stimulating hormone (TSH) 0.8 0 2 i
Direct measurement of arterial pressure 3.6| [Thymus and activation-regulated chemokine (TARC) 0.7 .
Arterial blood sampling 33| [LDLcholesterol 0.6
Activated partial thromboplastin time (APTT) 3.3 [Creatine kinase MB (CK-MB) 0.6
Lactic acid 3.2| |Anti-virus antibody in each globurlin class 0.6
Total protein 32| [interferon-gamma release assays 0.5
Central venous injection 3.0| |Puimonary Surfactant Protein 05 0.0
Central venous pressure moritoring 3.0/ |indweling catheter 05 WOSTI ] FKLMVBNPQCDGHUAER
Narcotic analgesic 2.9/ [soluble interleukin-2 receptor 0.5
Bacterial culture and identification test 2.7| |Fibrinogen 0.2
End‘tidaIOOchvm\tcv:ring 26
e et S| [order excuded oy Max(rors) Fig. 3. Dendrogram (Average linkage method)
R £y SE! (RS NEEN) 23 1order excluded by low relationship
| m:: ':;::n::;wr ELE ;i with Covid-19 treatment
1.6
1.4
Regarding the exclusion of common test items, the threshold 124
for Maxz(TO/S) was set based on hepatitis virus tests (i.e.,
2.1). Excluding test items with Max(TO/S) lower than g 1.0
.o, . . . .oge c
that of hepatitis virus tests did not lead to the inability to £ g
extract treatment items. In addition, medical orders with low a
relevance to COVID-19 treatment (blue highlighted ones) were 0.6
selected by healthcare workers, e.g., ABO blood type and 0.4
nasopharyngeal swab collection. 024 ]
2) SV Extraction: After performing the identification and
. . . . . . . 0'0
exclusion of medical instructions as described in the preceding T1 JFKWHUOSAVBNERMPQLCDG

section for the 23 medical institutions, SPM was applied to
extract frequent medical instruction patterns denoted as SV.
For medical institutions A through V, a minimum support
minsup of 0.2 was used. However, for medical institution
W, setting minsup to 0.2 did not yield any SV patterns, so
the minsup was adjusted to 0.1.

3) Medical Institution Clustering: We conducted hierarchi-
cal clustering using SVD (Equation 2) as the distance function
for the extracted SV patterns using the single linkage method,
complete linkage method, centroid method, average linkage
method, and Ward’s method. As the average linkage method
(Figure 3) and Ward’s method (Figure 4) contained the highest

Fig. 4. Dendrogram (Ward’s method)

number of medical institutions with three or more elements
in each cluster, we adopted these two methods for the later
experiments.

The difference between the average linkage method and
Ward’s method lies in whether medical institutions B, N, and
V were classified into clusters with DM or HP as common
elements. In the average linkage method, B, N, and V were
clustered in the same group with M, P, and Q. By contrast, in



TABLE IV

ABBREVIATION OF MEDICAL ORDERS
Abbreviation | Medical order name Description
CT Computed tomography scan A test to capture the inside of the body
ECG Electrocardiogram A test to check the condition of the heart
UE Urinalysis A test to analyze the of urine
TP Syphilis test A test to check for syphilis infection
BNP Brain natriuretic peptide A test to assess cardiac stress
BUN Blood urea nitrogen A test to evaluate kidney function
GB Antivirus antibody in each globulin class | A test to examine antibodies for various viruses
QFT Interferon-gamma release assays A test to check for tuberculosis infection
AST Aspartate ami fe A test to examine abnormalities in the liver or heart
HbAlc F in Alc A test to evaluate blood sugar levels
OT Oxygen i Oxygen administrat
DM Dx Steroid medicati
PD Prednisolone Steroid medication
HP Heparin Anticoagulant
AA i Antipyretic analgesic
IN Insulin i for diabetes treatment
SEN i Laxative treatment

Cluster1(F-1-J-K-T) Cluster4(A-B-E-N-R-V)

oM oM
START END
DAY1 DAY2

Cluster 5(M - P - Q)

or iN N N N HP P HP P
START START END
DAYD DAY1 DAY2 DAY3 DAY4 DAY1 DAY2 DAY3 DAY4

N iN N iN

or oT or or
START END
DAY1 DAY2 DAY3 DAY4

Cluster2 (H - U)

DAY5 DAY DAY? DAY8

Cluster 3 (O - S) Cluster 6 (C - G - D)

A AR e AR
START END START END
DAY0 DAY2 DAY0 DAY1

Fig. 5. LCSV in the clusters (average linkage method)

Ward’s method, B, N, and V were with A, E, and R.

4) LCSV Generation: At first, we generated the LCSVs in
each intracluster (Figures 5 and 6) for the average linkage
and Ward’s methods. Each node is presented by the medical
order name and the relative day since entering the hospital.
Table IV shows the abbreviations for medical instructions.
The common items in each cluster include oxygen administra-
tion (OT), insulin (IN), acetaminophen (AA), dexamethasone
(DM), heparin (HP), and computed tomography scan (CT).

These results show that several important treatment orders
appeared in the clustered SVs. DM, a steroid agent suppressing
inflammation in the lungs, heparin for preventing thrombosis,
and OT are particularly crucial treatment orders in COVID-
19 care. The presence or absence of these treatment items
correlates with the severity of patients and reflects the char-
acteristics of each medical institution. It is well noticed that
the LCSV in cluster 2 contains an IN order that shows the
medication for diabetes treatment. It suggests that the two
institutions H and U served a large number of COVID-19
patients who have diabetes as a complicating disease.

5) MSV Generation: We generated MSVs for clusters 4 and
5 of Ward’s method clustering results using two different meth-
ods (direct merging and distance-based methods) proposed in
Section III-C. The results are presented in Figures 7 to 10. By
assigning colors to nodes and edges corresponding to labels,
we were able to visualize the SVs of three or more medical
institutions and their common elements.

The direct merging method makes individual SVs easier to
discern, but it results in a larger number of nodes, making
it more redundant. By contrast, the distance-based merging
method effectively represents common nodes for a subset of
compared institutions’ SVs. For instance, in Figure 8, DM on

Cluster1(F-1-J-K-T) Cluster4 (A-E - R)

ot ot ot ot

oM DM
START END START
DAY1 DAY2 DAY3 DAY4 DAY1 DAY2

Cluster 2 (H - U)

cT N IN N N
START
DAYO DAY1 DAY2 DAY3 DAY4
N N N IN
5 END
DAYS DAY6 DAY7 DAYS

Cluster3 (0 - S)

Cluster5(B-N-M-P-Q-V)

HP HP

HP
START END
DAY1 DAY2 DAY3

Cluster6 (C- G- D)
START END

AR AR cT AA
START
DAY0 DAY2 DAYO DAY1

Fig. 6. LCSV in the clusters (Ward’s method)

Days 3 and 4 are the common orders for B, E, N, R, and V;
HP on Days 1, 2, and 3 are the common ones for B, N, and V;
and HP on Days 0 and 4 are the common ones for B and N.
However, having more diverse labels increases the complexity
of MSV. The choice between the two methods depends on
whether clarity or redundancy reduction is prioritized.

Several medical staff indicated that these results were useful
in grasping the common and different medical orders in the
treatment process at similar medical institutions. The same
comment was obtained when we applied the proposed method
to heart-related disease treatment that uses percutaneous coro-
nary intervention to place a stent to open up blood vessels in
the heart.

V. CONCLUSION AND FUTURE WORK

In this paper, to understand the commonalities and dif-
ferences in frequent medical order patterns among three or
more medical institutions, we proposed a method to exclude
general but not important items during SPM. The SVs were
extracted from the EMR data of multiple institutions. Hierar-
chical clustering was then performed using a defined distance
metric between SVs, and MSVs were obtained by combining
LCSVs and SVs within clusters using two methods, i.e., direct
merging and distance-based methods. The proposed method
was applied to real EMR datasets obtained from 23 medical
institutions relating to the fifth wave of COVID-19. From the
results, medical institutions were classified based on important
treatment items, and commonalities and differences in frequent
medical order patterns within clusters were identified.

In the future, guidelines for determining appropriate
minsup values need to be established. Furthermore, recon-
sideration of the SVD distance calculation and the clustering
threshold are needed, e.g., taking into account factors such
as the maximum number of nodes in each cluster to ensure
visibility.
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