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ABSTRACT

CCS Concepts

The analysis of large-scale Electrical Medical Records (EMRs)
has the potential to develop and optimize clinical treatment
regimens. A treatment regimen usually includes a series of
doctor orders containing rich temporal and heterogeneous
information. However, in many existing studies, a doctor
order is simplified as an event code and a treatment record
is simplified as a code sequence. Thus, the information inherent in doctor orders is not fully used for in-depth analysis.
In this paper, we aim at exploiting the rich information in
doctor orders and developing data-driven approaches for improving clinical treatments. To this end, we first propose a
novel method to measure the similarities between treatment
records with consideration of sequential and multifaceted
information in doctor orders. Then, we propose an efficient
density-based clustering algorithm to summarize large-scale
treatment records, and extract a semantic representation of
each treatment cluster. Finally, we develop a unified framework to evaluate the discovered treatment regimens, and
find the most effective treatment regimen for new patients.
In the empirical study, we validate our methods with EMRs
of 27,678 patients from 14 hospitals. The results show that:
1) Our method can successfully extract typical treatment
regimens from large-scale treatment records. The extracted
treatment regimens are intuitive and provide managerial implications for treatment regimen design and optimization.
2) By recommending the most effective treatment regimens,
the total cure rate in our data improves from 19.89% to
21.28%, and the effective rate increases up to 98.29%.

•Information systems → Data mining; •Applied computing → Health care information systems;
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1.

INTRODUCTION

The availability of massive Electronic Medical Records
(EMRs) has enabled a new paradigm for optimizing healthcare practices. Indeed, it becomes a key to success to improve health and treat disease by exploring the EMRs data.
There are various successful examples, such as health surveillance, risk assessment, disease diagnosis, and treatment planning. In particular, the White House’s Precision Medicine
Initiative will be a data-driven enterprise, using health data
of a million or more Americans to catalyze a new era of
data-based and more precise medical treatment.
While there are tremendous interests in exploiting EMRs
data for improving medical treatment, what have been obtained from the analysis of EMRs data is far less than what
EMRs can provide [8]. According to [16], one reason is that
a patient’s outcome is influenced by a lot of factors, such as
the age and gender of the patient, disease severity, and treatment received. Although EMRs data contain comprehensive
information about the patients, diagnosis, and treatments,
there is no consensus framework for integrating all the related factors for advanced data modeling. Moreover, EMRs
data are heterogeneous and longitudinal in nature. For example, a treatment record is series of doctor orders, where
each doctor order usually consists of medicine name, delivery route, dosage, starting time, and ending time.1 Overall,
it is a non-trivial challenge to analyze the large-scale and
complex EMRs data to extract healthcare knowledge and
facilitate decision-making in treatment practices.
1

The definition of doctor order will be given in Section 2.

To this end, in this paper, we focus on two problems:
1) identifying typical treatment regimens from large-scale
treatment records; and 2) quantitatively measuring the effectiveness of a typical treatment regimen for a specified
patient cohort. Our motivation is that the typical treatment regimens are usually used as prototypes when a clinical doctor designs the personalized treatment plan for a new
patient. As a result, the automatic identification and evaluation of the typical treatment regimens are essentially important to support the diagnostic and treatment decisions,
and ultimately improve the treatment effective rate and the
cure rate. The identified typical treatment regimens are also
helpful for healthcare researchers and clinical doctors to develop new treatment regimens.
To address the aforementioned challenges in identifying
and evaluating the typical treatment regimens from the complex EMRs data, first, we need an effective method to measure the similarity between treatment records containing sequential and multifaceted information in doctor orders. Second, based on the similarity measurements between treatment records, we need to group the treatment records to
identify the treatment regimens. At the same time, to make
the results understandable to the doctors and the patients,
we need to extract semantically meaningful descriptions of
treatment regimen clusters. In the literature, though many
clustering algorithms have been developed, most of the previous efforts focus on assigning each object with a cluster
label rather than extracting a semantic description for each
cluster [7]. Finally, we also need to estimate the treatment
outcome of a typical treatment regimen for a specified patient cohort. As mentioned above, the treatment outcome
depends on not only the treatment plans but also other factors, therefore the treatment outcome of the same treatment
regimen are often different for different patients. It is necessary to develop a unified framework to measure the treatment outcome by combining different sources of information
in the EMRs data.
Our solution to the challenges and our main contribution
in this paper are listed as follows:
• We first divide patient-level treatment records into subtreatments according to treatment periods/courses, where
each subtreatment is a complex heterogeneous data set
consisting of multiple doctor orders. Then, we propose effective similarity measures between subtreatments and between the patient-level treatment records
respectively.
• A partial density peaks based clustering algorithm is
proposed, which can efficiently cluster large amount
of treatment records. For each treatment cluster, a
dense core area is identified around the density peak
to extract a semantically meaningful description for
each cluster.
• To evaluate the treatment regimens, we first divide all
patients into many patient cohorts according to their
demographic information, diagnostic information, and
treatment outcomes. The patients in the same cohort
are thought to have similar physical preconditions and
disease states. Then, we quantify the outcomes of different treatment regimens on the studied patient cohort, and pick out the best one as the recommended
treatment regimen for new patients with similar physical preconditions and disease states.

In summary, in terms of applications, our method can help
the medical decision-making and improve cure and treatment effective rates through personalized typical treatment
regimen recommendation. In terms of theoretical contributions, the developed similarity measure and semantic densitybased clustering for complex heterogeneous and longitudinal
data is not hardwired with EMR data hence also applicable for other applications. Also, the unified framework for
evaluating the treatment outcomes with control factors is
a general framework for outcome evaluation in healthcare
studies. The framework is also flexible to include more factors if available.

2.

DEFINITIONS AND FORMALIZATION

Electronic Medical Records (EMRs) usually contain five
categories of information of patients. They are demographic
information, diagnostic information, laboratory indicators,
doctor orders, and outcomes.
Definition 1 Demographic Information Demographic
information is recorded when a patient visits a hospital,
which includes the age, gender, address, race and ethnicity,
education, and other information of a patient. These information plays an important role in clinical decisions, e.g.,
therapeutic regimen design and dosage selection. The demographic information of a patient can be formalized as
B = {B Age , B Gender , B Address , · · · }.
Definition 2 Diagnostic Information Diagnostic information is given by doctors. It consists of disease names
and severity of the diseases. Considering a patient (especially aged patient) may suffer from multiple health problems. Diagnostic information can be represented by
n
o
D = {D1N ame , D1Severity }, {D2N ame , D2Severity }, · · · .
Definition 3 Doctor Order An doctor order is a medical prescription, which is implemented by a physician or
other qualified health care practitioner in the form of instructions that govern the plan of care for a patient. A
doctor order can be represented as
Order = {ODN , ODelivery , ODose , OF req , OStartT , OEndT },
where ODN represents the used drug name, ODelivery is the
delivery route, which can be by “Intravenous injection” (IV),
“Intramuscular” (IM), “Oral” (Per os, PO), and so on. ODose
is the dosage each time, OF req indicates how many times per
day. OStartT and OEndT provides the active time of the order. For example, a doctor order {Aspirin, P O, 100, 3, 4, 6}
means that the medicine Aspirin is delivered by oral route,
100mg each time (assume the unit is “mg”), three times per
day, the order acts from 4-th day to 6-th day.
An order can be rewritten as
O
O
Order = {ODN , ODelivery , ODose , OF req , tO
1 , t2 , · · · , tdO },
StartT
EndT
where tO
, tO
, dO is the number of an
1 = O
dO = O
order’s lasting days, dO = OEndT − OStartT + 1. For the
simplicity of representation, we define

O = {ODN , ODelivery , ODose , OF req },
O
O
tO = {tO
1 , t2 , · · · , tdO },

then an order can be simply represented as
Order = {O, tO }.

Definition 4 Treatment A treatment of a patient is a
series of doctor orders related with the patient, which can
be represented as
o
n
T = {tT1 , OS1 }, · · · , {tTdT , OSdT } ,
where tT1 is the first treatment day, and tTdT is the last treatment day. The treatment lasting dT days. OSk represents
the set of orders happened at k-th treatment day, which is
OSk = {Ok,1 , · · · , Ok,mk }, mk is the number of active orders
in k-th treatment day tTk .
Given a series of doctor orders, we can obtain the treatment of the patient by


{tT1 , · · · , tTdT } = unique tO1 , tO2 , · · · , tOn ,
n
o
OSk = Ol | tOl 3 tk , l = 1, 2, . . . , n. ,
where unique() is to eliminate the repeated elements in a
set, n is the number of orders related with the patient.
Considering a treatment is often divided into different periods (called treatment courses) in clinical practice, a treatment can be rewritten as
T = {OSP1 , OSP2 , · · · , OSPp } ,

Figure 1: Illustration of five categories of information in EMRs
In the following model, the five categories of information
are divided into three groups: demographic information and
diagnosis information are used as preconditions, treatment
consisted of doctor orders are the studied control variable,
outcome is used as target.
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where a period is defined as P eriodq = [q Start , q End ], then
e ···∪
e OSqEnd .
OSPq = OSqStart ∪
A tilde is added above the logic operation ∪, which means
we not only get the union set of OSqStart to OSqEnd but
also record the frequency of every O, two Os can be merged
if and only if all the elements ODN , ODelivery , ODose , OF req
are identical. Therefore, OSPq is a set of quintuples. We
use O0 to indicate a quintuple,
O0 = {ODN , ODelivery , ODose , OF req , OT imes }.
The symbol prime is used to make the quintuple different
from the O defined previously. Finally, a OSPq can be simply represented by
 0
OSPq = Oqg
| g = 1, · · · , nq . ,
0

where nq is the number of O quintuples.
In order to be easily understood, an example is given,
assume a treatment duration is divided into five periods,
the first 24 hours, 2-3 days, 4-7 days, 8-14 days, 15th day
to the end, which is T = {OSP1 , OSP2 , · · · , OSP5 } , every OSPq contains a number of medicine quintuples, each
quintuple corresponds to a doctor order that records the
medicine name, delivery route, dosage, frequency per day,
and repeating times during the q-th period.
Definition 5 Outcome Outcome is evaluated and presented by doctors when a patient leaves hospital. An outcome of a patient can be “cured”, “improved”, “ineffective”,
or “dead”. We use R to represent the outcome of a patient
in this paper.
Figure 1 illustrates the five categories of information in
EMRs. Laboratory indicators are mainly used for judging
the severity of disease or evaluating a patient’s final outcome, which can be implied by diagnostic information or the
outcome, so which are not included in the following model.
A treatment of a patient is derived from all the doctor orders of the patient, which is the object studied in this paper.

TREATMENT REGIMEN IDENTIFICATION AND RECOMMENDATION

In this section, we introduce the detail of the proposed
methods. Our work consists of four steps: 1) computing similarities between treatments, 2) clustering treatments, 3) extracting typical treatment regimens from treatment clusters,
and 4) treatment regimen recommendation. A treatment defined in this paper is much more complex than previously
studied ones, which poses non-trivial challenge to similarity
measurement and typical treatment extraction. Large volume of EMRs requires efficient clustering algorithm. A lot of
related factors are related with outcomes, which means the
recommendation should take both preconditions (like age,
gender, disease severity) and treatments into consideration.
Therefore, we proposed novel methods in each step.

3.1

Similarity Measure for Treatments

Temporal data is usually defined as recorded information
with time stamp. From this perspective, a time series is a
set of of real values with time stamp, temporal events are a
series of nominal terms with time stamp. In a medical treatment, the recorded information includes not only nominal
terms like medicine name, delivery route, but also figures
like dosage, frequency per day, and repeated times, so the
recorded information in a medical treatment are heterogeneous. The time stamp is also more complex than previously
studied ones as it records both starting and ending time. In
this case, how to compute similarity between two treatments
becomes a challenging problem.
According to section 2, a medical treatment can be divided
into different periods and represented as
T = {OSP1 , OSP2 , · · · , OSPp } .
Therefore, the similarity of two treatments can be defined
as weighted average of similarities in different periods,
s(i, j) =

p
X
q=1

wq s̄q (i, j),

(1)

where p is the number of periods, s̄q (i, j) is the similarity of
OSPiq and OSPjq , which is the similarity of two treatments
in q-th period.
Each OSP contains a number of quintuples, where a quintuple consists of medicine name, delivery route, dosage, frequency, and repeated times. In order to be easily understood, we present a toy example of OSPiq and OSPjq by
Table 1 and 2.
Table 1: A toy example of OSPiq
MedName Delivery Dosage Freq. Times
DrugA
PO
80
2
4
DrugB
PO
6
3
4
DrugC
IV
2
3
2

in a set and 2) the similarities between elements, should be
taken into account. For example, C1 = {a, a, a, c, d, d} and
C2 = {a, a, b, b} are two such complex sets, the similarities
between elements are given as s(a, a) = 1.0, s(a, b) = 0.2,
s(c, a) = 0.3, s(c, b) = 0.5, s(d, a) = 0.6, s(d, b) = 0.2. Then,
how to define similarity of C1 and C2 ? To the best of our
knowledge, this problem has not been studied ever before.
In this paper, we propose a general method for computing
similarity between two such complex sets.
Without loss of generality, we still define
sset (C1 , C2 ) =

|C1 ∩ C2 |
|C1 ∩ C2 |
=
.
|C1 ∪ C2 |
|C1 | + |C2 | − |C1 ∩ C2 |

(3)

However, the |C1 ∩ C2 | is redefined in this paper, which is
X e
|C1 ∩ C2 | =
sgh agh ,
(4)
gh

segh

Table 2: A toy example of OSPjq
MedName Delivery Dosage Freq. Times
DrugA
IV
120
1
2
DrugB
PO
8
3
4
In order to define similarity between OSPiq and OSPjq ,
we have to develop a method which can compute similarity between two such tables. As each table consists of some
quintuples (each column is a quintuple), we should first define similarity between two quintuples. OSPiqg is used to
represent g-th quintuple in OSPiq , and OSPjqh is used to
represent h-th quintuple in OSPjq , then the similarity between OSPiqg and OSPjqh is defined as following:
Firstly, the similarity between OSPiqg and OSPjqh is determined by the Drug Names (we use DN for short), if the
Drug Names of two quintuples are same, then delivery route,
dosage, and frequency per day are considered in a further
step; otherwise, the similarity of two quintuples is set 0.
Therefore, the similarity of OSPiqg and OSPjqh contains a
multiplying term δ (DNiqg , DNjqh ), which equals 1 if DNiqg
and DNjqh are the same, and equals 0 otherwise.
Secondly, the delivery (we use DE for short) should be
taken into account. The similarity between two deliveries is
also described by δ (·, ·) function, which is 1 if two deliveries
are the same, and equals 0 otherwise.
Lastly, dosage and frequency per day also has large impact
on the treatment effect. We use Dosage-per-Day (DD) to
describe the similarity in dosage of two quintuples. The DD
is defined as ODose × OF req . The similarity in Dose-per-Day
(DD) is
1−

min(DDiqg , DDjqh )
|DDiqg − DDjqh |
=
.
max(DDiqg , DDjqh )
max(DDiqg , DDjqh )

To sum up, similarity between OSPiqg and OSPjqh is finally defined as
e

s (OSPiqg , OSPjqh
)=


min(DDiqg ,DDjqh )
δ (DNiqg ,DNjqh ) δ (DEiqg ,DEjqh )+ max(DD
,DD
)
iqg
jqh
2

where
represents similarity between two elements, A =
{agh } is obtained by solving
P
arg max z =
agh segh
A
gh
P
s.t.
agh ≤ fh1 ,
g
(5)
P
agh ≤ fg2 ,
h

agh ≥ 0.
fh1 is the appearance frequency of h-th element in set C1 ,
and fg2 is that of g-th element in set C2 . The above formula
indicates that A is obtained by allocating the frequencies
of elements into a two dimensional table with the goal of
maximizing the same part of two sets, therefore A is called
allocation matrix.
Algorithm 1 SetAllo(Se ,f1 ,f2 )
Input: Se ,f1 ,f2
Output: A;
1: A = 0,L = 1;
2: while ∃ lij = 1 do;
3:
(g, h) = arg
max

(u,v),luv =1

seuv ;

4:
if fh1 ≤ fg2
5:
then do agh = fh1 , lih = 0 for any i;
6:
else do agh = fg2 , lgj = 0 for any j;
7:
fh1 = fh1 − agh , fg2 = fg2 − agh ;
8: end
Algorithm 1 presents a greedy algorithm we proposed for
solving optimization problem (5), which is guaranteed to get
optimal solution.
Combing the above definition and equation (2) ∼(5), similarity between OSPiq and OSPjq is finally defined as
s̄q (i, j) =

P P
e
(OSPiqg ,OSPjqh )aijqgh
hs P
Pg
P
,
e
f
+
g iqg
h fjqh − g
h s (OSPiqg ,OSPjqh )aijqgh

(6)

P

(2)
,

where the denominator 2 is to ensure the value of similarity
drops in [0,1].
After getting similarities between two quintuples like OSPiqg
and OSPjqh , the similarity between OSPiq and OSPjq is
essentially a similarity between two complex sets. Different
from previous problems, 1) the appearance times of elements

where fiqg is the repetition times of g-th order in q-th period of treatment i, {aijqgh } is the allocation matrix for the
computing of |OSPiq ∩ OSPjq |.
It’s not difficult to prove that the similarity s̄q (i, j) has
the following properties:
1) The value of s̄q (i, j) is from 0 to 1;
2) Symmetry. For any i and j, s̄q (i, j) = s̄q (j, i);
3) Self-similarity. s̄q (i, j) = 1, if and only if OSPiq = OSPjq ,

the equal sign indicates the two sets contains same elements
and the frequencies of elements are also the same.
It can be easily inferred that similarity of two treatments
s(i, j) also holds the three properties. we only present the
proof of property 3 here. s(i, j) = 1 means s̄q (i, j) = 1
for each q. That is OSPiq = OSPjq for each q. If two
treatments they have same OSP in each period, then the
two treatments are same. Therefore, s(i, j) = 1 if and only
if Ti = Tj .

3.2

Clustering Treatments

The goal of this paper is to extract effective typical treatment regimens from EMRs. After getting similarities between treatments, we should first divide all treatments into
several clusters, and then extract a typical treatment regimen from each cluster. Clustering is a technique of partitioning a set of objects into multiple groups (called clusters)
so that objects in the same cluster are more similar to each
other than to those in other clusters [5]. In this section,
a Map Reduce enhanced Density Peaks based Clustering
(MRDPC) is proposed to accomplish this task.
Our method derives from a recently proposed exemplarbased clustering algorithm [18], which is called Density Peaks
based Clustering (DPC). The advantage of DPC is that it
can discover clusters with complex shapes, while traditional
exemplar-based clustering algorithms can only find spherical clusters. In DPC, two indicators are computed for each
object: 1) local density ρ and 2) minimum distance (or maximum similarity) between the object and any other object
with higher local density γ, where ρ is defined as
X
ρi =
χ(sij − sc ),
(7)
j

where χ(x) = 1 if x > 0 and χ(x) = 0 otherwise, sc is a
cutoff similarity. The meaning of ρi is to count the number
of objects in object i’s sc -neighborhood.
The second indicator γ is defined as
γi = max (sij ) ,
j:ρj >ρi

(8)

Objects with larger ρ and lower γ values are viewed as exemplars. The intuition is that exemplars are the points that
they have the highest density in a relative large range. After identifying exemplars, clustering result can be obtained
according to exemplars.
Besides the advantage of discovering clusters with complex shapes, DPC is also an efficient clustering algorithm.
Even so, DPC can not be directly used in this task. As we
mentioned earlier, one of the most well known challenges
of mining EMRs is the large volume of patients it records.
Image there are 10,000 patients in EMRs, the scale of similarity matrix can reach 100 million. Such similarity matrix
is difficult to store and deal with. Additionally, the computation of similarity matrix will also takes a lot of time
and space. In this case, a clustering algorithm which can
work with incomplete similarity information becomes very
important. The proposed MRDPC is such a clustering algorithm. In MRDPC, the total N patients are first randomly
divided into m parts, DPC is implemented on each part to
get k potential exemplars; then a partial similarity matrix
is obtained by computing similarities of selected potential
exemplars and all objects, the scale of which is mk × N ;
Partial DPC (PDPC) is used to determine K final exemplars according to the partial similarity matrix.

Algorithm 2 M RDP C(T,m,k,K)
Input: T = {Ti },m,k,K
Output: c;
1: Divide T into m parts randomly;
2: for g from 1 to m do
3:
compute Sg for treatments in Tg ;
4:
for eachP
i ∈ Tg do
5:
ρi =
χ(sij − sc ), γi = max (sij );
j

j:ρj >ρi

6:
ηi = ρi /γi ;
7:
end
8:
P E g = {i|ηi ≥ }, where  is the k-th largest η value;
9: end
10: P E = {P E 1 , P E 2 , · · · , P E m };
11: compute S’ = {s0ij }, where i ∈ P E, j = 1, 2, · · · , N ;
12: for i ∈ P E do

 
P
13:
ρ0i =
χ s0ij − s0c , γi0 =
max
s0ij ;
0
0
j

j∈P E,ρj >ρi ,

14:
ηi0 = ρ0i /γi0 ;
15: end
16: E = {j|ηj0 ≥ 0 }, where 0 is the K-th largest η 0 value in P E;
17: for each i 6∈ E
18:
if i ∈ P E do
19:
c(i) = c(ī), where ī = arg
20:
21:

max

j∈P E,ρ0j >ρ0i ,

else i 6∈ P E, i ∈ Tg do
c(i) = c (c(ī)), where ī = arg

max




s0ij ;

j∈Tg ,ρ0j >ρ0i

 
s0ij ;

22: end;

Algorithm 2 presents the proposed MRDPC method. N
treatments are divided in step 1, potential exemplars are
obtained in step 10. Then, step 11 computes the partial
similarity matrix, and step 12∼16 identify final exemplars
from potential exemplar set. Finally, step 17∼22 assign a
cluster label for each treatment.
We also define the popularity of a treatment cluster as
P
j δ(c(j), E(i))
Support(T Ci ) =
.
(9)
N
where δ(x, y) = 1 if x = y, δ(x, y) = 0, otherwise; N is the
number of treatments studied.

3.3

Extracting Typical Treatment Regimens

In most of the previous applications of exemplar-based
clustering, an exemplar can be directly used to describe the
corresponding cluster. However, a treatment can vary in
many different directions as a complex temporal and heterogeneous data set, which makes a single object (even the
object is an exemplar) can not well describe the cluster it belongs to. In this case, we define the core area of a treatment
cluster and extract a semantic description of each treatment
cluster by its dense core.
The dense core of a cluster is constructed by k-nearest
neighbors of its exemplar. Therefore, a dense core can be
represented by a set
Corei = {Tj |sj,ei ≥ τi } ,

(10)

where ei is the exemplar of i-th cluster, τi is the similarity
of the exemplar with its k-th nearest neighbor.
In order to extract typical treatment regimen from a dense
core, we define the support of a drug in a specified period

(e.g., q) of a treatment regimen (e.g., i), which is
P
λ(Drug, OSPjq )
Supportiq (Drug) =

j,Tj ∈Corei

|Corei |

,

(11)

where λ(Drug, OSP ) = 1 if Drug is used in OSP (Drug ∈
OSP ), λ(Drug, OSP ) = 0 otherwise.
According to formula (11), we can select the drugs used
in a specified period of a treatment regimen, which is
DrugSetiq = {Drug|Supportiq (Drug) > σ} ,

(12)

where σ is a threshold defined aforehand.
After knowing the main medicines used in a specified period of a treatment regimen, we make clear the usages of
drugs, e.g., deliveries, dosages, lasting days in the period.
Therefore, we compute support of Dosage and Administration (DA) for every drug,
P
λ(DAk , OSPjq )
Supportiqk (DA) =

DAk ,Drug∈DrugSet

|Corei |

, (13)

where DA is a triple consists of delivery route, dosage and
lasting days of a order.
Based on the clustering result obtained by the method introduced in the previous subsection, formula (10) defines
a dense core for each treatment cluster. Then, formula
(11)∼(13) extracts a typical treatment regimen from each
dense core. A typical treatment regimen includes the names
of medicines used in a specified period, the dosages, the delivery roues, and lasting how many days.

3.4

Evaluating Typical Treatment Regimen

One of the most challenging problem in automatic treatment regimen recommendation is how to evaluate a treatment regimen, which is because that 1) the care outcome is
actually affected by a lot of factors, 2) for different patient
cohorts, the most effective typical treatment regimen may
be different.

Figure 2: A framework for treatment regimen recommendation.
In this paper, we propose a general framework to overcome
this problem. Figure 2 presents the framework. Five categories of information are recorded in EMRs, the laboratory
indicators are mainly used to judge disease severity or help

to evaluate outcome, which are implied in diagnostic information and outcome. So four kinds of medical information
are used in our model.
Doctor orders are mainly used to generate treatments.
Then similarities between treatments are computed. Based
on the similarities, MRDPC is used to cluster the treatments. After clustering, a typical treatment regimen is extracted from each treatment cluster.
We also divide patients into different groups according to
demographic information, diagnostic information and outcomes, which is realized by a decision tree model. The patients in a same leaf node is defined as a patient cohort,
which means these patients should have had the same outcome with respect to preconditions like age, gender, ..., and
disease severity.
For a specified patient cohort, we observe how many typical treatment regimens have been used on the patients in
this cohort, and then figure out which treatment regimen
can result in the highest effective rate. This framework combines a lot of information recorded in EMRs together, which
can evaluate the effectiveness of a treatment regimen on a
patient cohort comprehensively.

4.

EMPIRICAL STUDY

In this section, we test our methods by experiments on
real-world EMRs data. We first present a brief description of
the studied data set, then extract typical treatment regimens
from the large-scale treatment records. A comprehensive
validation of our results is given with the data of patients
from multiple hospitals.

4.1

Experimental Data

The EMRs data used in this paper are collected from Hospital Information Systems (HIS) of 14 Grade Three Class A
(G3CA) hospitals, where G3CA is a certification for the best
general public hospitals in China. The 14 hospitals locate
in seven cities: Beijing and Shijiazhuang in north China,
Shenzhen in south China, Jinan in east China, Changchun
in northeast China, Fuzhou in southeast of China, and Xi’an
in northwest of China.
The methods proposed in this paper can be used to discover and recommend treatment regimens for various diseases. To illustrate and test our methods, we focus on the
patients with cerebral infarction disease, which is one of the
most common diseases in China today. For a cerebral infarction patient, five kinds of information are recorded: 1)
demographic information, 2) diagnostic information, 3) doctor orders, 4) clinical laboratory indicators, and 5) treatment
outcome. The possible treatment outcome of a cerebral patient can be: “cured”, “improved”, “ineffective”, or “dead”.
Different kinds of information are associated together by
unique patient IDs.
After collecting the EMRs, clinical doctors in China Academy
of Chinese Medical Sciences preprocessed the data, they removed the erroneous records and unified the diagnostic and
medicine names. Finally, we have demographic information
for 27, 678 cerebral infarction patients, and 28, 659 unique
patient IDs are found with doctor orders. 27, 427 patients of
them have both demographic and doctor order information.
In the following, we extract the typical treatment regimens
of cerebral infarction from doctor orders of 28, 659 patients.
The total number of doctor orders is 1, 007, 057.

4.2

Extracting Typical Treatment Regimens

In the doctor orders, 1, 090 medicines have been used.
However, many of them are used to treat other diseases.
For example, most of the cerebral infarction patients are
aged people and many of them are suffering from multiple
diseases at the same time. Therefore, clinical doctors helped
us to select 138 medicines that are most relevant to cerebral
infarction to better validate our results. We have 363, 674
doctor orders containing the selected medicines, nearly 13
doctor orders per patient.
As discussed in Section 2, we construct the treatment
record for each patient, and each treatment record is further divided into four periods. Indeed, for cerebral infarction, the treatment in the first two weeks is most responsible
for the treatment result, especially the first 24 hours. Therefore, the four treatment periods are: the first 24 hours, 2-3
days, 4-7 days, and 8-14 days. The weights of different periods in computing similarity between treatment records are
w = (0.4 0.2 0.2 0.2) in Equation (1).
All the computed similarities can form a matrix of size
N × N , where N is the number of patients with treatment
records. As mentioned above, we have N = 28, 659, so the
scale of similarity matrix is quite large. To further improve
the efficiency of treatment clustering for the treatment regimen discovery, we use the Map-Reduce enhanced Density
Peaks based Clustering method (MRDPC) proposed in Section 3.2. First, all the treatment records are randomly divided into 10 parts, and the Density Peaks based Clustering
(DPC) is used to select 100 potential exemplars from each
part. Second, the similarities between 10×100 potential exemplars and all the original treatment records are computed,
and the Partial Density Peaks based Clustering (PDPC) is
used to find the final exemplar treatments.
Our method divided the N treatment records into four
clusters, where each treatment cluster corresponds to a typical treatment regimen. In order to extract a semantic description of each typical treatment regimen, we identify the
dense core in each treatment cluster according to Equation
(10) and the frequently used medicines in the doctor orders
by Equation (11).
Figure 3 illustrates the four extracted typical treatment
regimens for cerebral infarction. The four typical treatment
regimens are different from each other with different frequencies of 9 most popular medicines for this disease. In
particular, Typical Treatment Regimen 1 (TTR1) is the
most widely used typical treatment regimen with support of
58.33%, where two medicines (Aspirin and Xueshuantong)
are used in all of the four treatment periods. Indeed, 100%
of patients in the dense core of TTR1 used Aspirin, and more
than 80% of them used Xueshuantong. The other medicines
are not frequently used in TTR1.
Typical Treatment Regimen 3 (TTR3) is the second popular regimen with support of 24.82%. In comparison with
TTR1, Aspirin is still widely used in TTR3, but Xueshuantong is replaced by Lumbrokinase and Xuesaitong, which indicates Xueshuantong may have the same therapeutic function with Lumbrokinase or Xuesaitong. Though Aspirin is
also used in Typical Treatment Regimen 2 (TTR2), its frequency is much less than in TTR1 and TTR3. The most
popularly used medicines in TTR2 are Shuxuetong, Ozagrel, and Cinepazide. The usages of four medicines in different periods are also different. As an emergency medicine,
the usage rate of Ozagrel in the first 24 hours is the high-

Figure 3: Four typical treatment regimens extracted
from EMRs.

est, then it declines in the following periods. In Typical
Treatment Regimen 4 (TTR4), many medicines are used,
especially the usage rates of Edaravone and Alprostadil are
higher than the three other typical treatment regimens, but
the other six medicines except Aspirin are not used as popular as they are in other treatment regimens.

Figure 4: An example of an extracted treatment
regimen.

Figure 3 compares the typical treatment regimens by the
frequencies of medicines. However, a typical treatment regimen extracted by our method consists of much more information than medicine frequencies. Indeed, the daily dosages,
deliveries, and active days are all considered in computing similarity between treatment records (see Equation 2).
To better show how these medicines are used, we compute
Dosage and Administration support for every medicine according to Equation (13), as shown in Figure 4. We take
the third period (4∼7 days) of TTR2 for example. The
first pie shows the different usage manners of Ozagrel, where
“IV/160/4” means the delivery route is intravenous injection
(IV), the daily dosage is 160 units, for four days during this
period. This usage manner takes 52% support, and is the
most common one. The other usage manners of Ozagrel
vary mainly in dosage, which can be 80 or 120 units. The
usage manners of Cinepazide are almost the same as that of
Ozagrel. The most common usage manner of Shuxuetong is
“IV/6/4”, which takes 83% support. Aspirin is delivered by
“PO” (Per os) instead of “IV”.

4.3

Treatment Regimen Recommendation

In Section 3.4, a unified framework is proposed to evaluate the effectiveness of the discovered treatment regimens.
According to the proposed framework, we first divide the
27, 678 cerebral infarction patients into homogeneous cohorts by a decision tree. In constructing the decision tree,
patients’ demographic information and disease severity are
used as independent variables and the treatment outcome is
used as dependent variable.
Intuitively, patients in the same leaf node of the constructed decision tree should have had the same treatment
outcome with respect to their physical condition and disease
severity. Therefore, for each node, we identify and recommend the treatment regimens which can produce the best
outcome based on historical records.

in Hospital “H1”, and Case 2 contains 1,709 patients in hospital “H3” with “General” severity (relative to “Emergency”
and “Dangerous” severity). In the first case, most of the
patients are cured and improved. TTR4 can result in the
highest cure rate and lowest ineffective and dead rate. However, only 0.37% of patients in this group accepted TTR4.
Though TTR4 may be effective for the patients under this
leaf node, it is not robustly validated. TTR3 with popularity of 25.97%, which can produce higher cure rate and
lower ineffective and dead rate than TTR1 and TTR2, is
the most effective treatment regimen found by our method
for the patients in this leaf node.
In Case 2, more than 97% of the patients are diagnosed as
“improved”. Therefore, we mainly compare different treatment regimens by the cure, ineffective, and dead rate. Similarly, TTR4 is not taken into account because of the low
popularity. In comparison with Case 1, TTR3 is not the
recommended treatment regimen any longer. Indeed, TTR3
is the worst treatment with highest ineffective and dead rate
for patients in this case. TTR2 with highest cure rate (two
times more than the follower) and lowest dead rate (less than
half of the follower) is the most suitable treatment regimen
for this patient cohort.
Table 3: Treatment effects on two patient cohorts.
Cured Impro. Inef f. Dead P opul.
All Patis
54.62
44.34
0.59
0.45
100.00
Patis-T1
54.24
44.55
0.69
0.52
57.25
Patis-T2
53.57
45.32
0.79
0.32
15.64
Patis-T3 56.49
42.94
0.29
0.29
25.97
Patis-T4
60.00
40.00
0.00
0.00
0.37
All Patis
0.23
97.19
0.64
1.93
100.00
Patis-T1
0.00
97.58
0.38
2.04
45.87
Patis-T2
0.79
97.91
0.52
0.79
22.35
Patis-T3
0.19
96.13
1.16
2.51
30.25
0.00
100.00
0.00
0.00
0.41
Patis-T4
The above results show that, our method can recommend
an effective treatment regimen to a specified patient cohort
for better treatment outcomes. In addition, by comparing
the two cases above, we can conclude that, 1) for patients
with different physical conditions and disease severities, the
most effective treatment regimens are different; 2) the most
widely used treatment regimen in clinical, like TTR1, may
be not the actually best one; 3) some rarely used treatment
regimen may result in even better outcome. These three observations provide important clues for clinical doctors to develop new treatment regimens or optimize the present ones.

4.4

Figure 5: Recommend treatment regimens for two
patient cohorts
In our results, there are 36 leaf nodes in the constructed
decision tree. Figure 5 presents a visual comparison of four
treatments on two cases (leaf node 2 and 17), while Table 3
provides numerical estimates about the cure rate, improved
rate, ineffective rate and dead rate obtained by four treatment regimens. Specifically, Case 1 includes 4,035 patients

Overall Treatment Evaluation

The previous experiments have shown that our method
can extract treatment regimens from EMRs automatically,
and recommend the most effective treatment regimen to a
specified patient cohort. In the following, we estimate the
recommendation effects on all the 27,678 patients from 14
hospitals, in terms of total cure rate and total effective rate.
The total cure rate and total effective rate is defined as
rc =

Nc
, re
N

=

N c +N imp
,
N

where N c and N imp are numbers of patients with cured outcome and improved outcome respectively, N is the number
of total patients.

The 27678 patients are divided into 36 patient cohorts
according to physical condition and disease severity. We
implement our methods on all patient cohorts to find the
most effective treatment regimen for each patient cohort.
The overall effective rate and cure rate are computed as
r̂c =
r̂ic

P

i
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, r̂e
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where
and
are expected cure rate and improvement
rate of i-th patient cohort, Ni is the number of patients in
this cohort. The expected cure and improvement rate of
a patient cohort are the cure and improvement rate of the
patient cohort with the best treatment regimen respectively,
where the best treatment regimen for a patient cohort is
identified by method shown in Section 4.3.

Figure 6: Our method can help improve effective
rate and cure rate.
Figure 6(a) demonstrates that, the effective rate of the
27678 patients is promising to be improved from 97.25% to
98.29% by adopting our recommended regimen, while Figure 6(b) illustrates that the cure rate is promising to be
improved from 19.89% to 21.28%. By this experiment, we
can conclude that our method can not only extract typical
treatment regimens from large-scale EMRs automatically,
but also helpful for improving cure and effective rate.

5.

RELATED WORK

In this section, we review the previous work in the literature related with our work. We will also explain the
differences between our methods and the previous ones.
Temporal data mining has become an increasingly hot
topic [11, 14]. The key challenge of temporal data mining is
to represent the temporal data with flexible and informative
structures, which enable easy computation of the similarity between temporal sequences, as well as clustering and
classification tasks with the sequential data. For continuous
time series data, a lot of representation methods and similarity measurement methods have been developed [1, 2, 10, 22].
For discrete event sequence data, there have also been recent
works with diverse applications [12, 13, 15, 20]. However, a
treatment record in this paper is essentially a sequence of
doctor orders, which is much more complex than time series
and simple event sequence. Therefore, the previous methods
are not directly applicable. In this paper, to discover patterns from large-scale treatment records, we proposed novel
representation and similarity measurement methods for sequential and multifaceted event sets.
Based on the similarities between treatments, we clustered
all treatments into several groups and extracted a typical

treatment regimen from each treatment cluster. Clustering has been studied in data mining community for many
years, and various of clustering algorithms have been developed [7]. Among them, a popular category suitable for our
task of treatment regimen discovery is the exemplar-based
clustering [3]. The exemplar-based clustering algorithm first
selects a number of exemplars and then assigns the remaining objects to their nearest exemplars. However, a disadvantage of the exemplar-based clustering is that it can only find
spherical clusters. In this paper, due to the temporal and
heterogeneous nature of the treatment records, a treatment
cluster can be very complicated. Density-Peaks-based Clustering (DPC) is a recently proposed exemplar-based clustering algorithm [18], which can discover clusters with complex
shapes. Therefore, we derived our clustering method by further extending the DPC algorithm. In particular, although
the original DPC is designed to be efficient, it cannot be directly used if the data size (like number of treatment records
in this paper) is truly large. Therefore, a Map-Reduce enhanced Density Peaks based Clustering (MRDPC) method
is presented in this paper, which can efficiently cluster largevolume treatments with huge and incomplete similarity matrix. To the best of our knowledge, the MRDPC method
has never been discussed in previous literature.
In addition, most of the present clustering algorithms in
the literature focus on solely dividing the objects into homogeneous groups, rare work has been done to extract the semantically meaningful descriptions of the identified clusters.
Indeed, such semantic extraction from clusters is usually
a difficult task, especially for sequential and unstructured
data. In this paper, a treatment is much more complex than
the objects (or data points) studied in traditional clustering
problems. To address this challenge, we extract the semantics by constructing a dense core in each exemplar-based
cluster. The most similar work to ours is the dense subgraph
discovery [9, 17]. However, their work is mainly for discovering interesting dense regions, while our work aims at extracting semantic descriptions of clusters. In general sense,
frequent pattern mining [4] is also related with our work,
but it is not applicable in this study because the treatment
records vary in many dimensions, leading to no frequent patterns with significant pattern support.
In terms of applications, a lot of recent work has been
done in mining the various kinds of EMRs data for actionable insights to improve the quality of healthcare delivery.
For example, Zhou et al. [21] proposed PACIFIER method to
infer phenotypic pattern from EMRs; Hirano and Tsumoto
[6] used occurrence and transition frequency to discover typical order sequences; Liu et al. [12] developed a method to
identify most significant and interpretable graphical feature
from longitudinal EMRs; Somanchi et al. [19] studied early
prediction of cardiac arrest based on demographic information, hospitalization history, vitals and laboratory measurements in patient-level EMRs. However, most of the previous research focused only on part of information recorded by
EMRs. In this paper, we would extract typical treatment
regimens from treatment records and recommend treatment
regimens to new patients according to their demographic as
well as diagnostic information. Our work can be deemed
a benchmark framework for future healthcare data mining
research to integrate all the related factors in EMRs and optimize the treatment effectiveness based on comprehensive
evaluation of the typical treatment options.

6.

CONCLUSION

In this paper, we investigated how to identify the typical
treatment regimens from large-scale treatment records and
how to find the most effective treatment regimens for patients. Specifically, we developed an efficient semantic clustering algorithm, based on a new method to measure the
similarities between treatment records. The new similarity measurement and the semantic clustering are applicable
for general complex heterogeneous and longitudinal data.
Applied on large-scale treatment records, we were able to
extract the treatment clusters as the typical treatment regimens with semantically meaningful descriptions. Moreover,
we designed a unified framework to evaluate the effectiveness of the identified treatment regimens. This framework
can recommend the most effective treatment regimens to
new patients according to their demographic information
and disease severities. Finally, we validated our approach
on real-world EMRs data of patients collected from multiple hospitals. Experimental results show that our method
can improve the treatment cure rate and effective rate. To
the best of our knowledge, this work may be the first step
towards the automatic development of treatment regimens
and treatment recommendations.

7.
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