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 Abstract
Clinical pathways are widely adopted by

many large hospitals around the world in order
to provide high-quality patient treatment and
reduce the length of hospital stay of each
patient.  The development of clinical pathways is
a lengthy process, and may require the
collaboration among physicians, nurses, and
staffs in a hospital.  However, the individual
differences cause great variances in the
execution of clinical pathways.  It calls for a
more dynamic and adaptive process to improve
the performance of clinical pathways.  This
paper proposes a data mining technique to
discover the time dependency pattern of clinical
pathways for curing brain stroke.  The mining of
time dependency pattern is to discover patterns
of process execution sequences and to identify
the dependent relation between activities in a
majority of cases.  By obtaining the time
dependency patterns, we can predict the paths
for new patients when he/she is admitted into a
hospital, and, in turn, the health care procedure
will be more effective and efficient.

1. Introduction

Clinical pathways are structured,
multidisciplinary care plans, in which diagnostic
and therapeutic interventions performed by
physicians, nurses and other staffs for a
particular diagnosis or procedure, are sequenced
on a timeline [7][9].  As the competition among
healthcare institutes is getting strong, the
competition advantage is not only on
outstanding medical professional quality, but
also on the agile clinical care processes.  In order
to provide high-quality patient treatment and
reduce the length of hospital stay of each patient,
clinical pathways are widely adopted by many
large hospitals around the world.

The purposes of clinical pathways are to
organize client care activities and interventions,
reduce practice variations, minimize delays in
treatments, and decrease resource use with a
0-7695-0493-0/00
goal of decreasing costs while maintaining or
improving quality.  The tasks of developing
clinical pathways include seeking input from the
client interdisciplinary team members, defining
particular diagnoses or procedures, designing
clinical management tools, and fostering
flexibility dictated by client condition and
medical provider preferences [10].  The
application of clinical pathways becomes an
efficient approach to analyze and control clinical
care processes.

In this paper, we develop a data mining
technique, mining time dependency patterns, to
discover the patterns of clinical pathways.  We
focus on mining the medical treatment process
from the patient records and clinical log data.
We recognized that time is an important factor
affecting the structure of clinical paths and the
sequence among activities.

Agrawal and Srikant propose a data
mining technique to discover sequential patterns
of customer buying behavior in retailer stores
[3].  Their study was mainly derived from their
previous research in mining association rules [2].

 The problem of mining sequential patterns
is to find the maximal sequences among all
sequences that have a certain user-specified
minimum support.  Each such maximal sequence
represents a sequential pattern [4].  However,
their algorithm cannot be used for mining
clinical pathways because (1) the duration of
each activity is not included in the dependency
graph, (2) high frequent activities, which are
lack of dependent relationship with others,
should be kept in clinical pathways, and (3)
activities may overlap in their time durations.

The application of data mining techniques
to designing clinical pathways is based on the
following rationales: the design of clinical
pathways is knowledge intensive, and the
knowledge can be learned from the data
collected from the clinical processes.  Moreover,
clinical pathways may be embedded with
unknown workflow patterns and exception
handling.  Therefore, it is suitable for
investigating the use of data mining techniques
 $10.00 (c) 2000 IEEE 1
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for improving the performance of clinical
pathways.

The next section proposes the algorithm
for mining time dependency patterns of
workflows.  Section 3 illustrates the proposed
method for discovering the clinical pathways for
brain stroke treatment.  We conclude the paper
and lay out future research in Section 4.

2. Mining time dependency patterns
of process execution paths

In this section, we propose the algorithm for
mining time dependency patterns of process
execution paths, such as clinical pathways.  The
mining of time dependency pattern is to discover
patterns of activity execution sequences and
identify the dependent relation between
activities from process log data.  The sample of
dependency graph is shown in Figure 1.
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2.2. Definitions

Definition 1. Activity set (Denoted as �)
A process consists of a set of activities.

All possible activities is denoted as � = {A1, A2,
…, An}.  An activity is an execution element that
leads the transition of state in a business process
In this research, we only focus on the time
sequence in process rather than other complex
factors that trigger events or the state transition.
We define two time parameters of an activity,
one is the starting time and the other is the
ending time.  For example, an activity Ai(2,8)
represents activity Ai starting at time unit 2 and
terminating at time unit 8.
Definition 2. Process log data (Denoted as L)

In a process log data L, an activity is a 4-
tuple, <Pi, Aj, Ts,ij, Te,ij >, where Pi is the process
i, Aij is an activities j in the process i, Ts,ij is the
starting time of activity Aij, and Te,ij is the ending
time of activity Aij.
Definition 3. Time dependency

In a process, if activity Aj starts
instantaneously after Ai terminates, we assert
that activity Aj depends on activity Ai.  “Start
instantaneously” means that after Ai terminates,
there is no other activities starting before Aj.
Definition 4. Process Graph (Denoted as Gp)
0-7695-0493-0/00
.

A process consists of a set of activities.  In
practice, a process can be a patient treatmen
flow or a customer buying flow.  We consider a
process as a graph with the following features:

(1) A process can be modeled by a
directed acyclic graph.

(2) A vertex represents the activities
performed by the process.

(3) An edge represents the time
dependency between two activities.
There is no weight information in the
edge.

(4) Each process graph includes two
pseudo vertices, starting and
terminating vertices.  The starting and
ending times of a start vertex is set to
0, and the start vertex links to all of
the first activities of the process.  The
activities that are not dependent on
any other activities link to the
terminate vertex.

We denote a process graph as Gp(Vp,Ep),
where Vp is a vertex set, and Ep is a Boolean
edge set, which is represented as a Boolea
value to indicate whether the time dependency
exists among the two activities.  Note that, each
activity performs only once in a process by
default.
Definition 5. Large graph (Denoted as LG)

Large graph is a time dependency graph
that represents a pattern of execution sequence 
a majority of cases, which is derived from the
previous mining iteration.  We name the large
graph by its number of activities.  For example,
large onegraph is a graph with one vertex
without edge and large twograph is a graph with
two vertices.  We denote the notation LG to
indicate the set of large graphs with the same
number of vertices.  For example, the LG3 is a
set of large threegraphs, and the each graph
consists of three activities.  Any potential large
graph generated by LG2 would be denoted as a
candidate graph CG3.  While mining the large
graph, the user gives a support threshold, which
is defined as the fraction of total processes tha
contain this graph.  If the support count of a
graph equals to or greater than the minimum
support, we call it a large graph.  A large graph
is composed of a list of activities represented by
its subgraphs.  For example, large graph LG is
induced by three subgraphs GPa, GPb, GPc, so that
the LG.Gp_List is {GPa, GPb, GPc}.
Definition 6. Maximal graph

A maximal graph is a large graph that does
not contain any other large graphs.
Definition 7. Complete graph

For a maximal graph, if both starting and
terminating nodes are included in the graph, we
call it a complete graph.
Definition 8. Window number (Denoted as W)
 $10.00 (c) 2000 IEEE 2
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For a process, user can specify window
number W to view the process in several periods.
For an activity across different windows, we can
partition the time duration of activities into
different interval according to the window
number.  The interval is calculated as: duration
of process / window number + 1.  We trim the
decimal parts of the interval.

2.2. Mining time dependency graph

The mining of time dependency graph
consists of the following three phases: (1)
process graph transformation phase, (2) large
graph mining phase, and (3) graph maximization
phase.

2.2.1 Process graph transformation. This
phase transforms the original process log data to
process graphs.  The transformation follows the
following steps:
(1) Sort process log data L by process

identification and starting time.
(2) Identify activities in L.  Each activity is

denoted as <Pi, Aj, Ts,ij, Te,ij >.
(3) Scan each process in L and establish graph

Gpi for each process Pi.  For each activity Aj

in the process Pi, find the time dependency
relationship between Aj and other activities
and add the process identification to the
activity Aj.  The edge set Epi of Gpi will be
assigned according to the dependency
relationship.

(4) Activities in � belong to LG1 if the count of
process is equal to or greater than the support
threshold.  After the transformation phases,
we will obtain a set of process graph Gpi and
LG1, which will input to the next phase.

2.2.2. Large graph mining phase.  This phase
is the core of the mining process.  Multiple
passes are executed to generate large graphs.  In
each pass, the previous large graphs are used fo
generating new potentially large graphs, called
candidate graphs (CGs).  Each graph maintains
a process list to link the process graph it belongs
to.  Large graphs can be identified by scanning
their process list and counting their
intersections.  It saves much time because the
number of process is much smaller than whole
log data.  For example, the number of large
fourgraphs in Figure 2(a) (i.e.,
LG4(a).Gp_List)is {P1,P2,P3}, and that in
Figure 2(b) (i.e., G4(b).Gp_List) is {P2,P3,P4}.
The count of LG5 (shown in Figure 3) is 2
because the intersection of processes
(LG4(a).Gp_List�LG4(b).Gp_List) is {P2,P3}.
However, while finding LG2, we still need to
scan the Gp.  Note that, CG2 is composed of two
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arge onegraphs.  We cannot get the count of
G2 by simply finding the number of process

ntersection.

(a)

(b)
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We summarize the mining process of time
ependency graph as the following steps:
tep 1. For generating large twograph, we check

any two activities Ai and Aj in LG1and
scan the process GP that has both Ai and
Aj.  If the number of the dependency of
Ai � Aj or Aj � Ai is larger than the
support threshold, we add the activities
Ai and Aj into LG2.

tep 2. For generating large graphs with the
number of vertices larger than two
(e.g., the number of vertices is n, and n
initially sets to 3), we check any two
large graphs generated in the previous
pass.  If they have the same n−2
subgraph and the number of common
process list is beyond the support
threshold, the new large n-graph is
generated.

tep 3. Repeat Step 2 and increment n by 1until
no new large graphs are found.  When
$10.00 (c) 2000 IEEE 3
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all large graphs are obtained, the
maximization phase is aimed at
deleting the graphs, which are
subgraphs of another larger graphs.

3. Mining Time Dependency in
Clinical Pathways for Curing
Brain Stroke

Stroke is a major health problem in most
industrialized countries.  In addition to causing a
huge number of deaths, stroke is the most
important cause of physical disability in people
over 60 years old.  According to the World
Health Organization, the stroke is defined as
rapidly developing clinical signs of focal
disturbance of cerebral function, lasting more
than 24 hours or leading to death, with no
apparent cause other than vascular origin [1].

The cost of brain stroke is a considerable
burden on healthcare and social services.  In the
industrialized countries, it is the major killer and
about one-half of survivors are left with a
permanent handicap.  In several studies in the
USA, the annual costs of stroke have been
estimated as varying between US $6.5 and 11.2
billions [5][12].  An absence of effective
therapies may be one of the reasons for this
situation, and the clinical pathway is a new
solution for this cost issue.

In the study of [11], the length of stay
decreased from 7.52 to 6.33 days after the
initiation of a critical pathway that begins its
interventions in the Emergency Department.
Quality of care was also improved in delivery
time of carotid artery ultrasound examinations,
as well as in timeliness of obtaining head
computed tomography scans and reports.

Figure 4 depicts the steps we adopted in
mining time dependency patterns in clinical
pathways for curing brain stroke.  It includes the
following steps:
(1) Data collection.  We collect two types of

data from patients’ records.  One is the
clinical pathways log data and the other is
patients’ data.

(2) Pre-processing.  We select relevant data
according to the domain experiences and
knowledge.  For example, some nursing care
activities are not meaningful because they
are usually executed everyday.

(3) Mining time dependency patterns.  The
algorithm mentioned in Section 2 is used for
mining time dependency patterns.

(4) Prediction.  An association technique is used
to evaluate the relationship between the
diagnosis data and treatment paths in order
to predict the paths for new patients.
0-7695-0493-0/00
(1)
Data

 Collection

(2)
Pre-Processing

Clinical
Pathways
Log Data

Patient Data

(3)
Mining Time
Dependency

Pattern

Diagnosis
Data

Result
Paths

Domain
Knowledge

(4)
Predict ion

������ �	 
��
� �� ������ ���� ��
�������

������� ��� �������� 
�������

3.1.  Data Collection and Preprocessing

Due to the potential deviation among the
different type of disease, we choose the brain
stroke as our example data source.  We gathered
medical records from 113 patients during 1997
and 1998.  We then induced around 400
activities from these medical records.  The
activities mainly include examination,
prescription, treatment and nursing cares.

After collecting data, we filtered noisy
data according to the domain knowledge.  For
example, the item Aq-dest was found in medical
records most of the time.  However, it is not
meaningful to medical staffs.  We also identified
several routine activities occurring more than
50%, such as blood pressure checking.  We view
these as the routine activities, which are
independent from the occurrence of other
activities, but they may affect the mining
performance extremely.

3.2.  Mining Time Dependency

We implemented the algorithm of mining
time dependency in clinical pathways.  We also
built a visualization interface to represent the
mining results.  An example clinical pathway is
shown in Figure 5, and it is generated under the
setting of 3% support threshold and 2 windows.
The information in the inner brackets is the
standard deviation.  For example, the DM
Diet_1(1(0.5), 6(0.87)) is the activity that starts
at time unit 1 and terminates at time unit 6.  The
standard deviation of starting and ending times
are 0.50 and 0.87 respectively.
 $10.00 (c) 2000 IEEE 4
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The routine activities of the this example
pattern of clinical pathways are:
BP&TPR(1(0.0), 1(1.2)), Brain MRI(1(1.0),
1(1.7)), Mgocain(1(0.7), 1(1.7)), N/S(1(0.8),
1(1.7)), BUS(1(0.4), 1(0.6)), ESR(1(0.3),
1(1.0)), Cardiac echo(1(1.5), 1(1.5)), and
Fibrinogen & Viscosity(1(0.6), 1(1.1)).  In order
to understand this pattern easily, we can add
these routine activities to Figure 5, and obtain
the new graph as shown in Figure 6.  Many of
routine examinations are performed at the
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dmission day.  For example, the item
BP&TPR” refers to the blood pressure,
emperature, pulse, and respiration exam.  The
xecution time of “BP&TPR” starts from day 1

o day 12 and its occurrence does not depend on
ny other activities.  The execution of these
ctivities may repeat until discharge.  The
ctivities “Glucophage” and “Diamicron” are the
edicine for DM patients and we can also find

hat these medicines are usually used within the
econd window of the admission period.

We summarize the size in each iteration
nd the related average support in mining
linical pathways as shown in Table 1.  We can
ee that, after maximization, large amount of
arge graphs is removed, so that we can focus on

ore meaningful paths.
The path shown in Figure 6 is a typical

rain stroke patient with diabetes. With this
ommon treatment flow, a new medical staff
ould easily realize the potential activities and
he length of stay for a diabetic patient.
owever, different complication will result in
ifferent paths.  For example, a more complex

reatment flow is shown in Figure 7.  Such path
ay be assigned to the patients with disease

odes 332, 434, 437, 486 and 582.  (Note that
he diagnosis data for a patient is usually
epresented as a set of standard international
isease codes.)  There are about 100 disease
odes among 113 patients.  In such a complex
omain, it raises an issue that how to find the
otential relationship between the disease code
nd the mined clinical pathways.  We will use

he other data mining technique called the
ssociation analysis to discover such kind of
nowledge, and describe it in the next
ubsection.
!�#�� �	 $������ �� ������ ���� ��
������� ���
��
Number of

Vertex
Number of Paths
(Before Maximal)

Number of Paths
(After Maximal)

Average Support of
Large Graph

2 278 29 7%
3 712 94 5%
4 848 115 4%
5 615 107 4%
6 273 92 3%
7 72 29 3%
8 14 5 3%
9 2 2 3%
$10.00 (c) 2000 IEEE 5
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3.3.  Prediction

The patterns of clinical pathways release
insights and implications to the medical staffs.
However, one more important mechanism for
physicians and nurses is the ability to predict
which paths should be assigned to a new patien
when he/she is admitted to the hospital.

The prediction problem is formulated as
the follows: given a new patient’s diagnosis
data, we should be able to assign a specific
clinical pathway to the patient.  However, each
patient could be with multiple diagnosis and
paths.  We anticipate that the association analysis
is a proper technique to conquer the prediction
problem.  Agrawal, Imielinske, and Swami first
introduce the method of mining association rules
[2].  The main purpose of mining association
rules is to discover “what items are bought
together in a transaction” over the market basket
data.  For example, cola and potato chips are
purchased together frequently. We adopted the
same concept to the tasks of predicting clinical
pathways.  We first transform all the diagnosis
data and paths as items in a transaction.  For
example, patient “P001” has three disease codes
401, 434 and 250, and two paths P0 and P1.  All
of these items can be assigned to a single
transaction, e.g., P001={401, 434, 250, P0, P1}.

After transformation, we can discover the
linkage between the diagnosis and clinical paths.
           Sim(Pi, Pj) = 2 * |Ei ∩Ej| / |Ei|+ |Ej|  (1)
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Similar to our algorithm, users should define a
support threshold to indicate the user confidence
level.  We divide the 113 sample patients into
two sets.  One is called the training set and the
other is the testing set.  The large itemsets can be
generated by the training set, and then we use
the testing set to evaluate the prediction
accuracy.  The following notations are used in
the prediction process.
(1) Trn: Training set.
(2) Tst: Testing set.
(3) L: the large itemsets generated by Trn.
(4) D: the disease code of patients.
(5) P: the common paths of patients (large

graph).
(6) GS: the support threshold of mining time

dependency graph.  For example, when the
value of GS is 3%, the path must be applied
to at least three percent of patients.

(7) PS: the support threshold of prediction.  For
example, when the value of PS is 2%, the
association relationship exists for disease
code 001 and path P1 if there are two
percent of patients who are diagnosed to
have disease 001 and treated by clinical path
P1.

For each example of testing patient Tsti,
we then scanned L to calculate the prediction
accuracy by the following steps:
(1) We first identify the frequent clinical paths

discovered from the training set.  We scan L
and get the set of paths Ptrn and Ptrn ∈
Ltrn, where Ltrn is the large itemsets that
contains Di.

(2) If the Tsti contains n paths, we then calculate
the prediction accuracy by comparing the
real paths Pi and the predicted paths Ptrnj.
We used the concept of similarity to indicate
how precise the testing paths are.  The
similarity function is defined by formula
(1).  Ei and Ej in formula (1) are two sets of
edges for path Pi and Pj.  |Ei|, |Ej|, and |Ei

∩Ej| denote the number of edges in path Pi,
Pj, and Pi∩Pj respectively.

(3) The prediction accuracy is defined as shown
in formula (2).  Note that, after comparing
with each predicted path Ptrnj, we pick the
most similar paths as predicted paths.
For example, under the setting of GS = 3,
W = 2 and PS =3, we then get the result of
accuracy by selecting 30 patients randomly as
 

testing set.  We calculate accuracy in different
threshold level and the result is shown in Figure
8.
$10.00 (c) 2000 IEEE 6
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We find that the accuracy will decrease
when the PS increases and the GS decrease.
This interesting trend may result from the
following reasons:
(1) The lower GS is, the more paths are

generated.  For the patients in the testing set,
more paths need to be verified and the
accuracy will be lower.

(2) The lower PS is, the more association
between the disease code and paths.  The
accuracy may increase when the number of
predicted paths increases.

(3) The higher PS is, the more common
predicted paths are generated. However, the
pathways for brain stroke is such a complex
domain that the ideal accuracy cannot be
held if the predicted paths are too general.

We can see an example with such kind of
situation: When a patient with disease code 250,
272 and 434 admitted to hospital, we can find
the following large itemsets from previous
training: 250, 272, 434, P76 and P214.  Paths
P76 and P214 are the suggested paths that ar
predicted according to association analysis.
Figure 9 and 10 show the resulting paths from
this prediction.
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4. Conclusions and future research

Data mining is an application dependent
technique.  In this research, we focus on
investigating the data mining techniques for
discovering knowledge from process patterns,
such as clinical pathways.  We designed a new
algorithm to discover the time dependency
patterns based on the sequential patterns, an
applied it to the development of clinical
pathways in curing brain stroke.  The resulting
clinical pathways can facilitate the continuous
improvement of assigning more suitable paths to
patients.

However, when we tried to implement our
tasks on the application in clinical pathways, we
found that it is such a complex problem that time
dependency may be one of major factors.  In the
future work of mining clinical pathways, the
following directions may be good for further
research.

(1) More data should be collected, such as
the daily states of patients, in order to
identify the thinking model of doctors.

(2) The definition of time dependency
constraint could be relaxed because
there are some minor activities, which
decrease the support of candidate
graphs.  We can classify activities into
different types according to the
occurrence frequency and domain
knowledge.  Some minor activities can
also be combined as a pseudo activity to
increase the connectivity of different
path segments.

(3) Besides mining the common workflow
patterns, the variance analysis is an
important issue for clinical pathways.
The advanced research can pay more
attention on discovering the deviation
patterns and providing a warning
mechanism to help a manager to predict
the potential variance.

(4) Bayesian networks may be used as a

 $10.00 (c) 2000 IEEE
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representation model.  With Bayesian
networks, we can present the probability
between activities to predict the
possibility of potential variance.  It is
also beneficial in analyzing and
inferring further implication of mining
results.  Bayesian networks can be
defined as a graphical model for
probabilistic relationships among a set
of variables [8].  The application of
Bayesian networks has become a
popular representation for expert
knowledge over the last decade.  More
recently, researchers have developed
methods for learning Bayesian networks
to extracte knowledge from data.  For
example, Ezawa and Norton developed
the Advanced Pattern Recognition and
Identification system (APRI) which
automatically construct Bayesian
network model to classify the un-
collectible telecommunications accounts
[6].  We believe that it will help us to
perform a more complex task in clinical
pathways.

(5) The cost variable can be considered.
After all, the cost is the most important
reason why many hospitals implement
clinical pathways.  Cost also is a good
evaluation criterion to know the effect
of clinical pathways.

(6) Resource allocation is an important
factor affecting the outcome the care
plan.  In a well-designed Intranet
environment, such data can be available,
and can be used to improve the clinical
pathways.
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