This is the Pre-Published Version.

An Integrated Electronic Medical Record System (iIEMRS)

with Decision Support Capability in Medical Prescription

S.L. TING, W.H. IP, ALBERT H.C. TSANG, GEORGE T.S. HO
JOURNAL OF SYSTEMS AND INFORMATION TECHNOLOGY, 14(3), PP. 236 - 245

Abstract

Purpose: This study presents how a clinical decision support system can help in prescription and

knowledge acquisition processes.

Design/methodology/approach: An integrated Electronic Medical Records System (iIEMRS) is

designed to enhance the decision support quality in prescription.

Findings: By evaluating the system performance through 135 prescription records collected from a
Hong Kong medical organization, iEMRS shows a satisfactory result in suggesting medicines that is

properly the same as the decisions made by the physicians.

Originality/value: Compared with the static clinical guidelines built (manually) in the traditional
clinical decision support system, knowledge in iEMRS is generated by the knowledge discovery result
from professional experiences of various physicians and patient histories, which are more dynamic in
nature. A treatment algorithm, designed in data mining technique, is introduced to improve information
management in medical organization by integration of decision support capability and EMRS, and

supplement the deficiencies of traditional clinical decision support system.
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1. Introduction

The Institute of Medicine defined Electronic Medical Records System (EMRS) as a longitudinal
collection of electronic health information for and about persons in 2003. It allows electronic access to
person- and population-level information by authorized users and supports efficient processes for
health care delivery. A lot of medical organizations around the world have adopted EMRS, for
example, in some Asian countries (like Singapore, Japan and Taiwan), EMRS has been adapted in a
long time (Khanapi et al., 2008). Information and Communications Technology (ICT) approach to
EMRS is accepted in hospitals as well as clinical functions and logistics activities to enhance the

transmission of patient medical records and communication among physicians.



In 1994, hospitals and clinics in Japan launched ‘Health information Strategy 21’ that processes
EMRS with the mission to provide quality and efficient healthcare services. Although there is no
government-centered EMRS, some of the local, regional and single hospitals have installed EMRS
which allows data sharing among physicians (Toyoda, 1998). In Taiwan, an EMRS initiative was
officially launched in 1995 under the National Information Infrastructure Project (Hu et al., 2002).
Although the healthcare provisions in Taiwan are driven by the private sectors, the government still has
authority for chiefly performing a regulatory role on health policy and strategy (Holliday and Tam,
2004). In Hong Kong, The Hong Kong Hospital Authority has supported the development and
implementation of EMRS initiatives (Holliday and Tam, 2004; Cheung et al., 2001) in hospitals. All in
all, these EMRS initiatives help medical organizations to save cost and raise medical services standard.

The prescription process starts from a diagnosis made by the physicians and ends with the
distribution of drugs. In this process, physicians have to make use of their knowledge to give
treatments. In case the prescription is not appropriate for patients, it harms the health of patients.
Moreover, it harms the reputations and devastates the standard of medical services. In order to raise
standard of medical services, medical organizations in many countries tend to apply EMRS that can
enhance the integrity of information and cope with the problems of missing records. However, despite
the widespread application of EMRS, the situation of medical prescription errors cannot be reduced
(Condren et al., 2010). Attempted to address such inadequacy of EMRS, integration of the current
system with prescription decision support capability is proposed in this study.

In this study, an integrated EMRS with prescription decision support capability, abbreviated as
iIEMRS, is proposed to combine the concept of clinical decision support system (CDSS) and traditional
electronic medical record system in providing knowledge that can serve as references for quality
decisions in prescription. The objective of iIEMRS is to provide useful information to assist decision
making during the prescription process. To the best of authors’ knowledge, the current CDSS is mainly
developed based on human efforts and experiences. However, with the increasing amount of
information being captured in the EMRS, there is a pressing need to employ informatics technique to
further analyze the clinical data for deriving the new clinical rules and guidelines. Furthermore,
compared with the static clinical guidelines built (manually) in the traditional CDSS, knowledge in
iIEMRS is generated by knowledge discovery result from the professional experiences of various
physicians and patient histories, which are more dynamic in nature. With numerous knowledge (i.e.
prescription behaviors of different physicians) stored in the IEMRS, the quality of the prescription can
significantly enhanced by considering the peer-based experiences (Ting et al., 2010; Ting et al., 2011).
As a result, a treatment algorithm, designed in data mining technique, is introduced to improve the
information management in medical organization by integration of decision support capability and

EMRS, and supplement the deficiencies of traditional CDSS.

2. Background Research



The increasing demand for well-structured medical records contributes to the development of
EMRS; in which it allows physicians to manage the patient information with computer tools effectively
and efficiently. Comparing with paper-based medical records, EMRS benefits in improving the
integrity and consistency of patient data, standardizing the medical report format, fastening
communication among healthcare professions, securing treatment information, and reducing the
overhead costs (Roukema et al., 2006). All these advantages facilitate the adopting of EMRS in
hospitals and large-scare clinics over the world.

Although EMRS provides better management of information and quality of medical information,
Condren et al. (2010) discuss that it is insufficient for reducing medical errors in prescription. As
highlighted by Kozier et al. (2004), prescription is a process which requires a lot of consideration, such
as demography factor, psychological factor, as well as illness and disease factor. In order to provide an
accurate prescription, physicians have to consider the age, medical history, allergy, gender and
diagnosis in each treatment (Regnstrom and Burgess, 2005). It is argued that the traditional EMRS
(which is only used for data recording) lacks the capability in supplying medical knowledge that is
critical for physicians’ diagnostic and therapeutic decision.

To support physicians in making decisions during the prescription process, integration of the
concept of CDSS into the EMRS is proposed (Sanchez et al., 2005; Ting et al., 2010). In this
integration, the EMRS can extend its function of electronic medical records by incorporating the
clinical decision support capability. According to the study of Randolph et al. (1999), there are three
main characteristics in such integrated approach: edit functions, record analysis functions and CDSS.

Edit functions are the fundamental functions in EMRS with decision support capability. Physicians
can input and save the text of diagnosis, symptoms, treatment plan and personal information of patients
into electronic format. When changes are encountered, physicians can change the information via
EMRS interface that ensures necessary information is entered every time.

With the storage of clinical information in the system, records analysis functions allow healthcare
professionals to analyze the data from databases for further uses. For example, according to Dangerous
Drugs Ordinance, physicians have to record the patients’ information (e.g. name and the date of visit)
when the patients are being given the dangerous drugs. In this way, records analysis functions can sort
the dangerous drugs information to physicians, so as to reduce the chance of dispensing incorrect
mediation to the patients.

The final characteristic, CDSS, is a computer tool which uses two or more items of data to generate
patient- or encounter-specific advice (Wyatt, 2000). It is typically designed to integrate a medical
knowledge base, patient data and an inference engine to generate case specific advice and give
opinions about the actions, such as altering, reminding, critiquing, and assisting, when a certain event
occurs (Randolph et al., 1999). For example, alerting message is shown to notify physicians when they
prescribe the wrong drugs to patient (like the case that the patient is allergic to the prescribed
medicines). Another example is that CDSS can suggest physicians with alternative medicines which

bring the same effect when they have to change the original decision (Teich et al., 2005). In case the



stock of Drug X is not enough for the case, therefore CDSS will suggest Drug Y which has the same

mediation effect (and suitable for the patients) to the physicians.

3. System Architecture of IEMRS

3.1 Presentation Tier: Presentation Tier is the media platform that consists of several devices used by
nurses and physicians to access the system. To communicating the iEMRS, physicians and nurses must
have their own computers for accessing the system. In addition to the computers, printers are employed
for drugs’ label printing and reporting printing as well. Presentation Tier is connected to a secure
Communication Tier that the users can enquire the system and obtain the information like patient
information, medical history of patients and drugs’ information. When particular information a
requested (by users), the Logic Tier is motivated to take the appropriate information from the Data Tier

in IEMRS and display the information to the users.

3.2 Communication Tier: Communication Tier is supported by secure connection which can protect
medical data privacy and integrity. It represents a link between the Presentation Tier and the Logic
Tier. With the use of wired connection such as Local Area Network (LAN), computers inside the
network can connect to the same data warehouse under the shared drive. As a result, real-time medical

data transmission in operations can be achieved.

3.3 Logic Tier: Logic Tier is the layer that consists of the system objectives and decision rules for
administrative management, message alert and knowledge generation. It is responsible for processing
the requests from other tiers. In iEMRS, the Logic Tier is a medium among the Communication Tier,
and the Data Tier. In Logic Tier, four major logics, namely Information Recording, Information
Retrieval, Real Time Alert and Treatment Patterning Algorithm, would be determined to achieve the

services goals. All these logics are introduced and discussed one by one in the below section.
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Figure 1. System architecture of IEMRS

3.3.1 Information Recording: The Logic Tier is responsible in recording the clinical information
systematically. In each patient’s visit, all his/her data are collected by the users (i.e. nurses and
physicians) and hence recorded in the system and the data warehouse (of the Data Tier) in a

standardized format for further analysis and decision rules generation.

3.3.2 Information Retrieval: Physicians can review the medical history of patients in legible formats
via the Logic Tier. Such history can support physicians in making therapeutic decision with the
medical knowledge discovered from the other physicians’ diagnostic results and prescription behaviors.
Furthermore, this logic can support to retrieve all the drugs available in the current medical
organization (e.g. the drug name, cost, and description) so as to facilitate the medicine selection
process. After the physicians decide the prescription plan, nurses can review it via the Logic Tier and

print it out via Presentation Tier. Figure 2 depicts the overall mechanism of Information Retrieval.

3.3.3 Real Time Alert: In addition to above elements, Logic Tier also establishes Real Time Alert
function. When the system receives any information which is contradicted to the original information
in data warehouse of Data Tier, it will give an alarm message in Presentation Tier to notify the users
that there is enquiry in the inputted information. This is particular useful in the case of medicine
allergic as alert message will prompt out when the choice of prescribed drugs is not appropriate. For
example, when the physician decides to prescribe Drug A for a patient, the property of Drug A will
then be compared with the medical allergy history of the patient. If there is any allergic reaction

discovered, an alert message is prompted to notify the physician that the drug will cause allergy effect.
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Figure 2. Information retrieval of Logic Tier in IEMRS

3.3.4 Treatment Patterning Algorithm: With better decision support in prescription process, the Logic

Tier offers the Treatment Pattern Algorithm to provide knowledge for physicians. Association Rule

Mining is employed to discover the prescription pattern and present the patterns as rules to support the

prescription. To generate the interesting prescription rule set, Apriori algorithm proposed by Agrawal

and Srikant (1994) is used. Before applying the algorithm, it is necessary to set the Minimum Support

Count (minSC) as a parameter to qualify the validity of an item or itemset. There is no standard

percentage for deciding the minSC whereas minSC is usually decided by users or experts (Zhang et al.,

2004). To get a better minSC, it is essential to attempt more and give the result users for critique. After

setting the value of minSC, the steps of Apriori algorithm are described as below.

Step 1.
Step 2.
Step 3.
Step 4.
Step 5.

Step 6.

Step 7.
Step 8.

Find out the frequency of occurrence of different items in transactions, known as Support
Counts (SC).

Compare SC with the minSC. If the SC is smaller than the minSC, the corresponding items
will be pruned.

Combine the remaining items to form an itemset with 2 items.

Scan the SC of the itemset in the transactional data.

Compare the SC of itemset with minSC first. Then, prune off the itemset if the SC of itemset
is smaller than the minSC.

Generate itemset with 3 items. If itemsets contain pruned parent itemset(s), the itemsets are
pruned too.

Scan the transactional data for SC of each of the remaining itemset(s).

Compare the SC of itemset with the minSC. Repeat the steps until the SC is equal to or less
than the minSC.



Step 9. Calculate the confidence and improvement (Bayardo et al., 2000). Normally, if confidence is
greater than 90% and improvement greater than 1. The result is good and suitable for
prediction.

3.4 Data Tier: The Data Tier contains several data warehouses to store and manage the information of
iIEMRS. Raw data are converted to meaningful information in Logic Tier after the data collection and
hence stored into corresponding databases in the Data Tier. All the required information is shown in the

Presentation Tier via the secure data communication of the Communication Tier.
4. System Evaluation and Discussion
To evaluate the knowledge generated by association rule mining, hit rate is calculated. Hit rate is

the number of drugs in prescription which match the drugs generated by association rules out of the

number of drugs prescribed to patients. The formula of measuring hit rate is shown as below.

No. of drugs suggested by the association rule mining
No. of drugs actually selected by the physician (1)

Hit Rate=

In this study, 100 prescription records (i.e. collected from a Hong Kong medical organization)
(Ting et al., 2011) were used as the training set in the association rule mining to discover the patterns in
the drug utilization in prescription. Then, another 35 prescription records is used for testing and
evaluating the validity of the system. According to Table 1, physicians prescribed four drugs in
average, the hit rate will be valid if 3 or more out of 4 drugs of prescription exist in the result of
association rule mining. This implies that the hit rate is regard as valid if it is equal to or more 0.75.

As shown in Figure 3, 60% of the records achieve hit rate (with a value of 1) when the minSC set to
6. About 85% of the records achieve hit rate equal to or greater than 0.75. These results represent that
physicians can choose most of the drugs in the result of association rule mining when they determine
the treatment. In other words, the proposed system can generate more relevant prescription decision(s)
for physicians to encounter different patients’ complaints whereas the suggested medicine in the
decision support is nearly the same as the decision of physicians. Other than the high degree of
similarity of medicine suggestion, it is also believed that the approach of knowledge capturing from
other physicians’ prescription behaviors is useful for physicians in the medicine selection process. In
the case of medical prescription, physicians rely heavily on their knowledge and experiences to select
appropriate medicine. It is almost impossible for a physician to utilize only their individual knowledge
to consider all the important differences between current and former similar cases. Therefore, it is
important to learn from others and consider other physicians’ experience in making a prescription

decision.



Table 1. Average amount of drugs in prescription

Max

Min

Mean

Std Dev.

Training Set (100 records)

4.76

0.96

Testing Set (35 records)

4.43

0.70

1.1

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

Hit Rate
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Figure 3. Hit rate of IEMRS

With the high satisfactory level in the medicine recommendation of iEMRS, this study also
measures the efficiency of iEMRS in practice. A case study has been conducted in collaboration with
HUMP (Anonymous name). Prior to the implementation of iEMRS, paper-based records system was
applied in the HUMP. The time of the procedure (i.e. from the patient registration to the end of drug
dispensing) is about 20 to 30 minutes; whereas after the implementation of iEMRS, the entire process
reduces to 12 - 19 minutes. Table 2 depicts the responsibilities of physicians and nurses in HUMP
before and after the implementation of iEMRS. According to the results, the workload of nurses and
physician is reduced as well as the time required to perform the tasks is saved significantly.

In case of the nurses, iEMRS make their works more efficient. When a patient visits the clinic,
nurse can assess to patient’s information directly and instantly since the information (stored in the
system) is completed and systematically managed. As a result, the process of registration and checking
patient’s information can be completed in 2 minutes. Furthermore, the nurse does not require to find
the paper-based medical records from shelves, which in turn of saving for 5 minutes. Last but not least,
the nurse can pack the drugs under clear guidelines. Therefore, the speed of drug packaging is faster

and the mispacking errors are greatly reduced.



In addition to nurses’ operations, the medical knowledge in iIEMRS assists physicians to make
better prescription decision. With instant referencing to the comprehensive past medical histories of the
patients and drug list recommendation (through discovering the pattern in the database), physicians
agreed that the medicine selection process can greatly improved, especially in the area of drug-drug

interaction checking.

Table 2. Responsibilities and times required (before and after the implementation of iEMRS)

) After the implementation of
Before the system adoption )
iIEMRS
Responsibility Time Time
Nurse | Physicians | Required | Nurse | Physicians | Required
(mins) (mins)
Registration for
v 1 v 0.5
consultation
Checking and validating
v 1-3 v 1-15
of patients’ information
Search of paper-based
v 5 0
records from cabinets
Consultation v 35 v 35
Prescription (i.e. medicine
v 3-5 v 2-3
selection/determination)
Drug packing (i.e. packing
the drugs from big
v 5-7 v 3-5
container to small
container)
Billing and explanation of
prescription instruction to v 3-4 v 3-4
the patient

5. Conclusions




Advert cases in prescription cause long term effect to the patients. Prescription errors exist over the
world every day. The problems raise alarm to the medical industry and government. Although EMRS
can reduce prescription errors, the problems still perplex medical organization. The traditional EMRS
can merely assist data recording aspects; whereas it is not adequate to enhance the process of
prescription. Therefore, EMRS with decision support capability in medical prescription is necessary for
medical organizations.

In this study, iIEMRS is proposed to enhance the decision support capability in the prescription
process. Medical knowledge is consolidated by scientific techniques and shown under systematical
methods. Physicians can get knowledge from other physicians’ prescription behaviors during the
medicine selection process. Therefore, the final decision by physicians will be enhanced after taking
more physicians’ consideration, so as to improve the patient safety by reducing the medication errors.

One limitation of this study is the small sample size of the records for system evaluation. To
provide a complete assessment of the system, the results should be examined in combination with the
medical records obtained at other organizations such as hospitals (as the current medical records are
collected from one medical organization). Due to the limited medical records collected, it is expected
that more experiments are conducted with different setting of minSC in further work so as to determine
the optimal value of minSC. Furthermore, the present study is applied to text-based medical
information. The integration of multimedia such as medical images and sound effects is needed. It will
be an interesting area to investigate the integration of visual and aural media along with written
medical records. For example, adoption of speech recognition technique is one of the possible
directions to capture the conservation of patients and physicians for better informing the clinical

decisions.
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