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Abstract. Clinical pathway (CP), a standardized treatment process
based on a clinical guideline, is widely used to reduce costs while main-
taining or improving patient care quality. However, there is a gap between
the actual clinical process and the guideline, that causes CP application
to be disturbed. A study on developing a data-driven automated clinical
pathway to obtain insight into real clinical processes has been conducted.
Still, patient characteristics and conditions, which could cause a varia-
tion, have not been fully considered. In this study, we aimed to develop
a framework to derive a sophisticated clinical pathway from electronic
health records (EHRs) data by exploring process variations according to
the patient characteristics and conditions. To validate the applicability
of the proposed framework, We conducted a case study using the Total
Laparoscopic Hysterectomy (TLH) CP data, which was retrieved from
an EHR system of a tertiary general hospital in South Korea between
January 2012 and April 2016. We found that diabetic TLH patients show
different medical performances with other TLH patients. We developed
a tailored CP that adds eleven orders over the standard TLH CP, and
experts evaluated it as meaningful.
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1 Introduction

A clinical pathway (CP) is a standardized care process in a specific setting
such as a particular surgery [7, 4]. The use of CPs is gaining interest to help
decrease hospital costs and improve the quality of medical services by reducing
undesired practice variability [13, 12]. Additionally, CPs shorten the length of
hospital stays, lower costs, reduce complications and lower mortality [13, 8]. As



2 J. Lim et al.

such, more than 80% of hospitals in the United States adopted CPs in the late
1990s [14], and currently, the implementation of CPs is widely contemplated by
hospitals all over the world [21].

The traditional approach for developing a CP relied solely on the knowledge
of clinical experts and clinical guidelines. Although the approach was a valuable
method derived from solid theoretical backgrounds, it was limited by the time
and effort required and the lack of generalization [19, 17]. Due to the highly
dynamic, highly complex and ad hoc features of the medical treatment process,
there is also a gap between the actual clinical process and the CP. As such, an
automated approach from data is needed, and researchers have tried to resolve
these challenges using process mining and data mining.

Mans et al. [10] applied heuristic miner, and a further work [11] used fuzzy
miner and trace clustering to obtain insights from CPs. Huang et al. [4] proposed
a new approach for mining CP patterns with time information from chronicle
mining. Rebuge et al. [16] suggested a framework to compare the discovered
CP and its variants using sequence clustering. Xu et al. [18] developed a more
straightforward CP using the Latent Dirichlet Allocation technique. Addition-
ally, researchers have employed further data mining techniques to develop CPs,
such as frequent itemset mining [15], sequential pattern mining [15], and a rule
induction algorithm [5].

These studies have contributed to developing the automated and accurate
CPs based on data, deriving a standardized CP for the majority of patients. De-
spite these efforts using the data-driven approaches, it is still challenging to apply
and complete CP with little effort in practice. In general, most hospitals only
implement a single universal CP for a specific surgery or procedure. But, given
the various clinical features of diabetes, cardiovascular, age, and medical history,
a single CP cannot cover all different patients even with the same surgery; thus,
a CP needs to be subdivided according to the clinical features. Therefore, with
the aim of the increase of practical use, it is required to implement an approach
for CP segregation with clinical features.

This study aims to identify the distinctive clinical characteristics that af-
fect to distinguish a new clinical pathway. To this end, this paper suggests a
framework consisting of four phases: data preparation, feature engineering, sta-
tistical analysis, and CP development. We first define the outcome measures
and explanatory variables from the data. The matching rate, which represents
a similarity between clinical trace and reference CP, is adopted as one of the
medical performances for process-oriented assessment. Then, statistical testing
is conducted to identify the key features highly related to clinical performance
measures. Based on decisive factors from the statistical results, we distinguish
a new CP (i.e., CP development) after post-hoc analysis with trace alignment.
To validate the proposed framework, we performed a case study with real data
from a tertiary hospital in South Korea.

The remainder of this paper is organized as follows. Section 2 explains the
proposed framework. Section 3 shows a case study, and Section 4 discusses the
results. Finally, Section 5 concludes the paper with future work.
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2 Proposed Framework

In this section, we propose a framework for CP segmentation by patient char-
acteristics. As shown in Fig. 1, the framework consists of four phases: data
preparation, feature engineering, statistical analysis, and post hoc analysis &
CP development. Data preparation, the first phase, aims to identify the data
that can be utilized for data analysis by wrangling the collected data. Then,
dependent (i.e., outcomes) and explanatory variables (i.e., patient characteris-
tics) are defined in the feature engineering step. The statistical analysis phase
conducts experiment to identify the relationship between outcome and indepen-
dent variables. Lastly, in the post hoc analysis and CP development phase, we
distinguish the new CP based on the result of comparing the clinical orders by
statistical analysis and trace alignment.

Fig. 1. The proposed framework in this paper.

2.1 Step 1: Data preparation

The first phase of the framework aims to prepare data with a suitable format for
statistical analysis by collecting and pre-processing records. Clinical data gener-
ally are complex and heterogeneous [3]. There are four kinds of quality issues:
missing data, incorrect data, imprecise data, and irrelevant data [1]. Missing
data indicates that data is missing from logs, while incorrect data signifies that
information recorded is not correct. Imprecise data represents that the level of
data is too coarse, whereas irrelevant data means that information is not related
at all with the log. These four types of quality issues are explicitly connected
with the healthcare environment, and it needs to be processed thoroughly. To
resolve these issues, users can choose proper data repair and noise removal meth-
ods based on the data quality. In our case, the most of issues was relevant with
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missing data, and we tried to remove all problematic data. Details will be given
in the Result section.

2.2 Step 2: Feature engineering

One of the main parts in our framework is to identify the patient characteristics
that are highly relevant to the outcomes. To this end, we perform feature engi-
neering to build a research model before the data analysis. As such, the second
phase aims to derive dependent and explanatory variables implied for statistical
modelling. In more detail, dependent variables represent the outcomes, such as
the length of stays or matching rate, i.e., an indicator that signifies the differ-
ence between the clinical pathway and relevant clinical log [20], while indepen-
dent variables signify the patient characteristics. They are derived by selecting
or refining records from the prepared data.

Dependent variables (Outcome measures) Dependent variables represent
the materials to evaluate the outcomes, such as length of stays, hospital costs,
the amount of antibiotics used, and matching rates with respect to efficiency and
complication rates, re-hospitalization rates, and mortality with respect to quality
of the clinical services. Among these variables, in this study, we only employed
the length of stays and matching rates, i.e., the efficiency-focused, because of
the insufficiency of data related to the quality perspective. More in detail, we
were not able to collect the patients’ records who re-visited the hospital with
the same diagnosis within the 30 days (i.e., re-hospitalization) or were turned
out to be dead (i.e., mortality).

The length of stays is one of the critical indicators in most hospitals because
it lowers the risk of infection and medical costs for patients. In this study, we
derived the length of stays by calculating the difference between the admission
date and discharge date.

The matching rates signify how patient records collected from the logs co-
incide with the orders in the CPs. Thus, the rates can be used to evaluate the
practical application of the CP in the quantitative approach. The matching rate
is formalized as follows [20].

CP order matching rate =
1

2
(1 − Mcp

Ncp
) +

1

2
(1 − Rlog

Nlog
) (1)

MCP is the number of orders included in the CP but not shown in the log, NCP

is the number of orders included in the CP, Rlog is the number of orders included
in the log but not shown in the CP and Nlog is the number of orders included
in the log.

Explanatory variables (Patient characteristics) As introduced earlier, ex-
planatory variables represent the materials that classify patients with their char-
acteristics. Thus, regarding these characteristics, patients can be divided into
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groups. For example, patients are divided into age groups, such as infants, chil-
dren, young adults, middle-aged adults, and older adults. Additionally, they may
be classified by whether they have a specific history or not.

EHR system contains numerous patient characteristics, including age, sex,
family history, past history, and they can be categorized into three types: back-
ground information, clinical events, and non-clinical events. The background
patient information signifies historical records of patients before hospitalization.
This group includes age, sex, allergy, operation history, medication history, fam-
ily disease history, and chronic diseases (diabetes, hypertension, hyperlipidaemia,
and cardiovascular and cerebrovascular diseases). The second group is the data
derived from the clinical events during hospitalization, such as transfer of wards,
transfer of departments, diagnosis from another department (not from obstetrics
and gynaecology), and operation from another department. The last category
is related to the administrative information during hospitalization, including
severity, admission type, Diagnosis Related Group (DRG).

2.3 Step 3: Statistical analysis

This step performs a statistical analysis to identify the distinctive patient char-
acteristics considered for CP development. To this end, hypothesis testing is
performed based on dependent and independent variables derived in Step 2. Re-
garding hypothesis testing, different types of methods are utilized considering the
number of groups and shape of distributions. In this study, we applied two types
of statistical analysis methods: Mann-Whitney U test and Jonckheere-Terpstra
test.

Mann-Whitney U test The Mann-Whitney U test identifies whether two
populations are equal or not [9]. As such, the test was applied when the patients
were divided into two groups by a patient characteristic, such as sex and severity.
Its null(H0) and alternative(H1) hypotheses are as follows.; H0: Two populations
are equal, H1: Two populations are not equal.

Jonckheere-Terpstra test As a substitute for the Mann-Whitney U test, the
Jonckheere-Terpstra test is applied when the number of groups is more than two
(i.e., three or more) and they tend to increase or decrease [6]. For example, the
changes of outcome variables can be identified by the increase in the number of
operations. Letting di be the median for the population i, the null and alternative
hypotheses are defined as follows; H0 : d1 = d2 = d3 = · · · = dk, H1 : d1 ≤ d2 ≤
d3 ≤ · · · ≤ dk (where, k is the number of groups).

2.4 Step 4: Post hoc analysis & CP development

The last step compares the selected patients’ clinical orders based on their char-
acteristics and derives a new CP. Here, the critical patient characteristics are
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employed from the statistically significant factors in Step 3. In this phase, pa-
tients are grouped by a specific feature, and the application rates of clinical
orders are measured for each group. Then, the difference in the application rates
of the orders between groups is identified. For example, if the order applies only
to 90% of the severely ill group and 10% of non-severe patients, the order should
be included in the CP of the severely ill group. Then, if a group of features
differentiates multiple clinical orders, some traces from each group are sampled
to visualize the differences and discuss with clinical experts. CP segmentation is
performed when the clinical expert concludes that the functional group needs a
new CP.

3 Case study

3.1 Introduction

A general tertiary hospital in South Korea has developed and applied numer-
ous electronic CPs based on clinical experience to provide appropriate medical
services to patients. In this case study, we primarily analyzed the Total Laparo-
scopic Hysterectomy (TLH) CP, which has been in use since August 2009. From
the hospital’s EHR system, log data of patients determined as candidates to be
applied to the TLH CP were extracted from January 2012 to April 2016, result-
ing in data collected from 1100 inpatients. EHR data of patients’ demographics,
hospitalization, applied CP, surgery, diagnosis, transfers, referrals, physician or-
ders including medications and labs, and CP history was extracted.

3.2 Data Preparation

Based on the collected data from 1100 inpatients, we performed data preprocess-
ing. Among the four types of data quality issues, e.g., missing data, incorrect
data, imprecise data, and irrelevant data, our data included the first type as we
lacked the medical history of patients, such as operations and medication history.
Additionally, the second-hand data collected from surveys, such as drinking and
smoking, had many blank spaces. As such, those characteristics were removed
from the data to be analysed. Furthermore, part of the clinical orders had incor-
rect data, such as an unexpected hold (3.4%) and immediate removal by systems
(2.5%). These were also excluded, and finally, the data was prepared.

3.3 Feature engineering

Dependent variables (Outcomes) As introduced earlier, we applied the
length of stays and matching rates as dependent variables (i.e., outcomes). Re-
garding the length of stays, the average value was 4.57 days (median: 4 days and
standard deviation (SD): 1.8 days). Regarding the matching rate, the average
was 0.716 (median: 0.724 and SD: 0.053).
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Explanatory variables (Patient characteristics) After preparing the data,
we selected 11 explanatory variables based on a thorough discussion with clinical
experts: diabetes, hypertension, hyperlipidaemia, cardiovascular, cerebrovascu-
lar, severity, operations, transfers of departments, transfers of wards, diagnosis
from other departments (not from obstetrics and gynaecology), and referrals to
other departments.

Only a small number of patients had chronic diseases, including diabetes, hy-
pertension, hyperlipidaemia, cardiovascular, and cerebrovascular at 3.5%, 4.7%,
1.5%, 0.1%, and 0.6%, respectively. The number of patients with severity, how-
ever, was relatively high at 33.1%. Regarding the number of operations, most
patients received only one operation while 0.9% of patients received two oper-
ations. Regarding transfers of departments, only four patients (0.4%) changed
departments. Lastly, regarding the other characteristics (e.g., transfers of wards,
diagnosis from other departments, and referrals to other departments), for each
feature, more than 50% of the patients were not associated with the feature at
all, but the remaining patients had more than one frequency.

3.4 Statistical analysis

Among the 11 independent variables (i.e., patient characteristics), only six, e.g.,
diabetes, hypertension, severity, transfers of wards, diagnosis from other depart-
ments (not from obstetrics and gynaecology), and referrals to other departments,
were considered for statistical testing because the sample size for testing should
be sufficient (i.e., more than 30) [9], and the sample sizes for the other features
are not sufficient.

We applied two different statistical testing methods: the Mann-Whitney U
test and Jonckheere test. The Mann-Whitney U test was applied to diabetes,
hypertension, and severity while the Jonckheere test was employed for the re-
maining variables. Table 1 presents the statistical testing results of the length of
stays and matching rates on patient characteristics.

Table 1. Statistical testing results on patient characteristics.

Patient characteristics
p-value

Test type
LOS Matching rates

Diabetes < 0.01 < 0.01 Mann-Whitney U test

Hypertension 0.014 0.045 Mann-Whitney U test

Severity < 0.01 < 0.01 Mann-Whitney U test

Transfers of wards < 0.01 0.035 Jonckheere test

Diagnosis from the other departments
(not from obstetrics and gynaecology)

< 0.01 0.149 Jonckheere test

Referrals to other departments < 0.01 < 0.01 Jonckheere test

As a result of the statistical tests, diabetes, severity, transfers of wards, di-
agnosis from other departments and referrals to other departments significantly



8 J. Lim et al.

affected the length of stays while the matching rates were significantly affected
by diabetes, severity, and referrals to other departments. Therefore, we con-
cluded that only three features, e.g., severity, diabetes, and referrals to other
departments, are key characteristics for CP segmentation.

Based on these results, we had a thorough discussion with clinical experts.
First, regarding severity, we determined that the result was caused by incorrect
application of the CP in cancer patients, not the CP target patients. In the hos-
pital, clinicians sometimes applied the CP to cancer patients because there was
no significant difference in clinical operation processes between the two. The can-
cer patients, however, required a longer stay and different routines from the CP
patients. Thus, we determined that it was misleading that there was an impact
on clinical outcomes. Additionally, regarding the referrals to other departments,
the domain experts concluded that the feature needs to be managed by monitor-
ing rather than CP development. For these reasons, we performed further post
hoc analysis and CP development based on diabetes.

3.5 Post hoc analysis & CP development

Considering diabetes, we analyzed the differences in clinical orders between dia-
betic and non-diabetic patients. The total number of diabetic and non-diabetic
patients was 38 and 1062, respectively. We performed trace alignment to visual-
ize how the order records of each group differ. For simplicity, in each group, 20
patients, who stay in the hospital for four days, are sampled, and the result of
trace alignment is in Fig.2.

Additionally, we employed the CP development methodology [2], which de-
rives an optimal set of clinical orders that maximize the matching rates. Based
on the exploited method, we received clinical orders for diabetic and non-diabetic
patients. After, the developed CP for diabetes was compared with that for
non-diabetes. We identified that 11 clinical orders, e.g., Pot chloride, Humalog,
Palonosetron, Ephedrine, Electrolyte panel, Glucose, DM diet (for diabetes),
BST, Infusion pump, Interceed, and Simple hysterectomy, were applied for most
of the diabetic application rates. In contrast, two clinical orders (i.e., Granisetron
and Other dermatological) were utilized only for non-diabetic patients.

Table 2 provides the clinical order application rates of diabetic and non-
diabetic patients. Overall, we were able to identify a clear difference in each
code’s application rates by the group. Therefore, we concluded that the new CP
for diabetes should be distinguished from the general one.

4 Discussion

The results of the analysis showed that diabetes affects medical outcomes, such
as the length of stays and matching rates. To this end, we identified that glucose
control is the reason for the extended hospital stays and the lower matching
rates. Patients with diabetes require a specific amount of time to control their
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Fig. 2. Trace alignment result of diabetic patients and non-diabetic patients.

blood sugar before surgery, which can lead to longer hospital stays. Additionally,
the diabetic patients received surgery later than general patients.

Regarding the lower matching rate for diabetic patients, we found that con-
trolling the patient’s blood sugar affected the results through the post hoc anal-
ysis. We identified that diabetic patients received insulin (e.g., humalog) with
Alberti regimen and dextrose fluid (e.g., pot chloride) containing potassium chlo-
ride to ensure adequate water, electrolyte, and feeding before operations. Ad-
ditionally, diabetic patients received tests to check blood sugar and electrolytes
for glucose control. Moreover, some materials (e.g., infusion pump) were also
utilized for diabetic patients to inject the proper medicines. Therefore, we de-
termined that these orders are required entirely for diabetic patients with both
data and clinical perspectives.

This research has important contributions for both practice and research
standpoints. As far as practical use is concerned, this research helps to develop
the clinical decision support system by resolving the large demands from hospi-
tals to continuously improve and manage CPs. Despite the facts that hospitals
generally cannot develop and enhance CPs due to an insufficient workforce, time,
and costs, however, it is required to implement a tool that gives accurate clinical
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Table 2. Clinical order application rates of diabetic and non-diabetic patients.

Order Information Application rates (%)

Type Name Diabetic Non-diabetic

Medications

Pot Chloride 84.2 2.7
Humalog 84.2 2.0

Palonosetron 57.9 47.1
Ephedrine 50 36.3

Granisetron 42.1 56.2
Other Dermatologicals 44.7 49.3

Lab Test
Electrolyte panel 79.0 9.5

Glucose 79.0 3.2

Diet DM diet (for diabetes) 71.1 1.6

Treatment BST 89.5 2.2

Procedures
Infusion Pump 81.6 7.1

Interceed 57.9 47.6
Simple Hysterectomy 50 39.9

pathways to clinicians, driving to provide high-qualified patient-centric services.
In this standpoint, this paper is of value as it automatically recommends distinc-
tive patient characteristics and develops a new CP with a data-driven approach.

Also, as far as the research standpoint is concerned, this paper is different
from existing works that merely discover a one-off CP and provides a direction
that enables the continuous development of improved CPs with a statistical ap-
proach. Furthermore, the patient characteristics and clinical outcome measures
derived in this research are applicable to multiple clinical research disciplines,
such as real-time monitoring and prescriptive analytics in hospitals.

Despite these contributions, this paper has some challenges. First, there has
been a problem that the number of patients to be analyzed is reduced because
latest data of short-term period data must be used to reflect the latest order
information. Nonetheless, it is significant that we were able to segment the CP
according to the patient condition of diabetes. The framework presented in this
study considerably contributes in terms of managing the clinical pathway and
practical use of the clinical pathway and will continue to demonstrate its useful-
ness through further data acquisition.

Also, this research did not address the inter-relationship between patient
characteristics and thus only aimed at developing new CPs for each patient
feature. However, it is possible to construct CPs that consider multiple patient
characteristics at once (e.g., diabetic-female-TLH CP). Furthermore, we limited
clinical outcome measures to length of stays and matching rates. Future studies
should be expanded to more scalable methodologies, including patient costs and
the use of antibiotics. Lastly, the analysis result presented in this paper was only
based on a single hospital. As there are differences in CPs and data between
hospitals, the study may lack generalizability. Thus, we need to perform more
case studies using data from multiple hospitals. We believe that we can build a
more robust framework for CP segmentation by resolving these issues.
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5 Conclusion

In this paper, we proposed a framework for CP segmentation based on patient
characteristics. In this process, we performed feature engineering to define the
clinical outcome measures related to CPs (i.e., dependent variables) and patient
characteristics (i.e., independent variables). We also conducted statistical testing
using the Mann-Whitney U test and Jonckheere test, and finally a new CP was
distinguished from the general CP.

This paper proposes guidelines to increase the applicability of CPs and sug-
gests how to develop CP variants using patient characteristics and clinical out-
comes. Additionally, the proposed framework has a distinctiveness that enables
the continuous development of improved CPs different from existing works that
merely discover a single CP. Therefore, we believe that our methodology is help-
ful for practical use.

In future studies, we will consider the inter-relationship between patient char-
acteristics for CP segmentation. Additionally, other clinical outcomes, such as
patient costs and the use of antibiotics, may be included. Furthermore, more
case studies should be performed to validate our approach and make various use
cases.
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