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Abstract Data quality (DQ) issues in Electronic Health Records (EHRs) are a
noticeable trend to improve the introduction of an adaptive framework for inter-
operability and standards to large-scale health Database Management Systems
(DBMS). In addition, EHR technology provides portfolio management systems that
allow Health Care Organisations (HCOs) to deliver higher quality of care to their
patients than possible with paper-based records. The EHRs are in high demand for
HCOs to run their daily services as increasing numbers of huge datasets occur every
day. An efficient EHRs system reduces data redundancy as well as system appli-
cation failures and increases the possibility to draw all necessary reports. Improv-
ing DQ to achieve benefits through EHRs is neither low-cost nor easy. However,
different HCOs have several standards and different major systems, which have
emerged as critical issues and practical challenges. One of the main challenges in
EHRs is the inherent difficulty to coherently manage incompatible and sometimes
inconsistent data structures from diverse heterogeneous sources. As a result, the
interventions to overcome these barriers and challenges, including the provision of
EHRs as it pertains to DQ will combine features to search, extract, filter, clean and
integrate data to ensure that users can coherently create new consistent data sets.
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1 Introduction

Electronic Health Records (EHRs) refer to implemented structured digital mani-
festations of real-time, patient-centred health records [1]. EHRs are considered as
one of health care’s innovation heuristic items and are widely adopted over HCOs
and are becoming an important mechanism to perform their daily services [32, 40].
The secure EHR systems provide information available instantly and accurately to
the authorized users, so user can coherently create new consistence of data sets [28,
61]. In general, the EHRs is the problem of combining health data that reside at
different sources and providing accurate, comprehensive up-to-date patient history
[26, 58]. Improvements in the data quality have brought about efficiency, scalability
and safety in the implementation of a large scale healthcare DBMS [30]. Health
data can therefore be composed, managed by authorised user and consulted by
authorised providers from across multiple HCOs nation or global wide and can be
shared across them. The EHRs include an enormous range of patient data set,
including patient details, history, references, medication, immunisation, allergies,
radiology report including images, laboratory data and test reports, admission and
discharge details, personal statistics like Body Mass Index (BMI), blood pressure,
sugar level etc. These datasets are electronically stored in database as narrative (free
text) or encrypted data. The EHR databases are structured to store accurately and
securely health information over the time. It can reduce data replication risk as all
access points are retrieving data from the main data server and as well as reduces
lots of paper work. The principle of data replication is to share information between
multiple resources. The replication reduces fault tolerance, increase high accessi-
bility and reliability. Many distributed database systems are using replication to
avoid single access point failure and high traffic. It can be possible to dynamically
improve load-spreading and load-balancing performance by providing replication
[63]. Replication supports restoring replicated databases to the same server and
database from which the backup was created [4]. Backup is one of the important
processes of database server routine maintenance plans that, to copying and
archiving data to an external device. So, backup data can be used to restore the
original information after any data loss event. Now a day, electronic data is
searchable even from heterogeneous sources and possible to combine them into a
single data set. EHRs are even more effective when analysing long term patient
medical history [22]. Due to EHRs data being tractable and easy to identify patient
preventive visits or screening information, monitor the overall progress, effectively
than the paper-based record in HCOs. EHRs improve patient care, increase patient
participation, improve care coordination, improve diagnostics and patient out-
comes, practice efficiencies for cost savings and allow more case studies for
research purposes. Despite the many advantages and functionalities of EHR sys-
tems, there are still a considerable number of disadvantages associated with this
technology [7]. One of the key concerns is the quality of the data, which includes
inconsistency, privacy protection, record synchronisation, lack of standardised
terminology, system architecture indexing, deficient standardised terminologies.
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The productivity may drop temporally with associated EHRs adaptation as work-
flows have changed. Several long-standing consequences are emerging from the
critical issue of EHRs adaptation [3]. Therefore, it is of utmost importance to advise
healthcare organisations to choose the right EHR systems and provide proper setup
to establish the complete system to become successful users of EHR systems [42].
Healthcare organizations that are using tangible, augmented EHR systems in their
facilities can make better decisions based on the comprehensive information
available to them. Improving in healthcare distribution systems are becoming the
most consequential technology for medical innovation of all the times. EHR sys-
tems exhibit promising potential, which will play the crucial role in HCOs to ensure
providing in excellent patient care service, quality management, accurate infor-
mation, perfect diagnosis, patient information safety, disease management and
investigation as advance innovation deftness [56]. In particular, the chapter focuses
on large scale DBMS, the data quality introduction of smart interfaces and perfect
data mapping in traditional EHR systems as well as mobile and cloud computing.
This implies that integrated adoptive EHRs can show inconsistencies, because the
data structure and standard from different HCOs are different.

2 Electronic Health Records Background

In our daily lives, data inconsistency may cause with uncertain incidents, if
unstructured data composed in the data collection process [35]. An example a web
healthcare domain page based on largely composed with free text data. Another
example, medical data collections process methods are paper-based and/or archive
information.

Information may collect by the data retrieval system and index them by non-text
data, so that user can access and find data using special keywords to obtain accurate
data sets [41].

Using the non-text data to indexing large text, may lead the data structure design
in EHR systems of the other efficient way for accessing and searching information
as there are a vast amount of non-text data available [60].

The four latest methods to detect and reduce data inconsistency are:

1. Rough set theory [20];
2. Logic analysis of inconsistent data method [13];
3. Corresponding relational variables of functional dependencies [8];
4. Fuzzy multi-attribute theory [2].

Fuzzy multi-attribute method has ideal performance of the inconsistence data
and it can obtain the highest average level of correct information than other solu-
tions [19]. A method for reducing data inconsistency has to be combined with a
method for data integration to coherently solve the data inconsistency and the data
integration problems simultaneously. The domain ontology may effectively
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combine data from diverse heterogeneous sources for data integration. The existing
ontology data integration methods are, however, not sufficient to implement
fuzzy-ontology [24]. The EHRs information exchange systems architecture is
shown in Fig. 1.

The benefits of EHRs are numerous when compared to the physician’s time and
finances, the health benefits for patients and the impact on the environment. The
sparse health data may have multi dimensions and it is practically challenging to
investigate and analyse for a different reasons such as the heterogeneous features of
the system, encompassing quantitative data as well as the categorical information.
By the result the random systematic error effect badly and reduces the data quality.
Most data integration methods are sufficiently robust to random systematic error for
large data sets of input and process. This is commonly identical to bring them on a
same scale when using pre-processing principal component analysis and data
simplification algorithm [47]. The EHRs systems framework is shown in Fig. 2.

Data quality issues might include patient incorrect unique identification number.
Other examples, misplace name, incorrect gender, incorrect date of birth, numeric
diagnosis code written in text or saved wrong radiology image, incorrect inserting
standard code, such as the National Drug Catalog (NDC) for drugs and derailing
bulk analysis (e.g. ICD10 code: International Classification of Diseases Tenth
Revision or CPT code: Current Procedural Terminology). Data quality refers to the
concepts with immensely large-scale multi dimensional in DBMS, which include
not only data search, validation, extract and verification, but also the appropriate-
ness of use to take us even further beyond the traditional concerns with the accuracy
of data. The EHR systems design, data structure, aggregation algorithm, simplifi-
cation methodology and reporting mechanisms highly reflect on data quality.

Fig. 1 EHRs information exchange systems architecture
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3 Different Network Architecture and Cloud Computing

In co-operating distributed health information systems and networks, the EHR
Systems provided as a lifelong patient record advance towards core applications [6].
Several researchers have shown that only the arbitrary access to patient health
information are proximal motive of accurate decision in health care during
decision-making and the effective communication between patient care team
members [14]. The number of hospitals and clinics are increasing every day, as well
as increasing the health information. Health information has digitalised and
archived their health record with the universal use of computer and information
technology network. There are vast types of wired and wireless network layout,
consisting of the type of device including hardware, software, connectivity proto-
cols and communication mode of transmission. It also includes knowledge about
the types of networks grouped according to types such as LAN, MAN and WAN.
Such as cloud computing, that refers as fast computation and its capability to store
large storage space. Now a day cloud computing is a convenient, on-demand
network. It is also configurable computing resources to a share group network such
as, application, service, server and archive. With the minimal managerial effort
cloud computing can be rapidly provided and released the higher productivity.
The EHR system can be integrated into cloud computing. Basically, smaller hos-
pital and clinic has limited resources. Cloud computing is to facilitate for those
smaller HCO with adequate electronic medical record storage space to provide the
exchange and sharing of electronic medical records [12]. Cloud computing has high
impact on parallel distributed grid computing systems. The flexibility for the further
development of these techniques is recommendable. It is very effective location

Fig. 2 EHRs systems framework
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independent technology as well as to enhance the user experiences over the
Internet. Now a day, it can provide services for various application scenarios. More
and more applications are migrated onto the cloud platform [25].

Mobile Pervasive Healthcare (MPH) service is another innovative technology in
EHR system that can provide a wide range of location independent service.

Fig. 3 Large-scale cross platform EHRs system architecture overview
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Providing great benefits to both patients and medical personnel of MPH service
includes monitoring, telemedicine, location independent medical services, emer-
gency management and response, and pervasive access to healthcare information
[39]. There are three specific goals in mobile healthcare systems:

1. The availability location independent of EHRs applications;
2. The location independent health information;
3. The anytime and the invisibility of computing.

There are two categories of EHRs systems: (i) Cloud based technology;
(ii) Client server based technology;

Computer with internet connection in order to access via the web, the online data
can be stored externally. The cloud computing application allows users on-demand
access and provide by third party organisation using the internet. Large-scale
cross-platform EHRs system architecture overview is shown in Fig. 3.

There are six benefits of cloud-based systems namely: security, privacy, cost
effectiveness, accessibility, reduced IT requirements and it grows with you [29].
The significant risks of each HCO will face when transitioning to cloud-based
hosting. The main disadvantage of cloud computing is all data, security, avail-
ability, maintenance and control sits to a third party so HCOs have absolutely no
control of it. Trusting to the third party service provider is one of the important
factors for cloud computing and it takes on a whole different meaning [51]. Despite
all the barriers, it’s important to remember that cloud health computing paradigms
are still under development, but with a lot of chances of being a revolution in a lot
of fields. In the near future there will be more services on offer and the development
will be greater.

4 The Barriers and Threats of Electronic Health Records

The overarching barriers to EHRs framework are to tackle the indigent quality of
data to provide a single, centralised and homogeneous interface for users to effi-
ciently integrate data from diverse heterogeneous sources. Data quality issues may
arise when capturing raw data into EHR systems. The data flow process has several
factors that influence the quality of information obtained from such datasets at a
later stage. The purpose of the data collection processes are data quality manage-
ment functions include the data flow process application as well as data accumulate,
warehousing process systems used to archive data and analyse the process of
translating data into meaningful information. The data quality may seriously affect
of patient care and even could lead to the death of the patient. This is the key
challenges of eradicating treatment errors in the health service process. As patient
safety is the key issue in health care service, using effective EHR systems inte-
gration and implementation can improve the data quality to reduce medical error.
The main consideration for health data includes data accuracy and accessibility, as
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well as data comprehensiveness, currency, consistency, granularity, precision, rel-
evancy definition, and timeliness. Data quality will empower the tendency of EHRs
systems, this emphasises the magnificence of implementing a design-oriented
definition. The dimensions of the existing EHRs framework are basically based on
historical reviews, understanding intuitive and comparative experiment.

The EHRs structures of an orientation usually vary from framework to frame-
work. For example, the actual use of the data depends on the definition of data
quality. It therefore data quality also depends on the application type and what may
be deliberated in one application as good quality, but may not good for another.
Data quality has emerged as a crucial issue in many application domains. The
objective of data quality becomes even more important in the case of patients who
need to be identified and notified about important changes in drug therapy or in the
case of merging systems of different and similar organisations. The consolidation of
information from diverse sources to provide a unified view of an organisation’s data
assets is technically challenging. The difficulty involves how to practically combine
data from disparate, incompatible, inconsistent and typically heterogeneous sour-
ces. The other difficult objective in EHRs systems is that data has a structure, which
is usually complex and cannot be treated as a simple string of bytes. Often data
inconsistency occurs because the data structures may depend on other structures,
therefore on a distributed system such data management is very difficult. Another
significant aspect of a health data integration system is data mapping. The system
must able to materialise data that are mapped from diverse source. Optimally using
routinely collected data increases poor quality data, which automatic mechanism
would raise the need of the semantic interoperability as well as quality data mea-
surement [34]. Quality improvement and error reduction are two of the justifications
for healthcare information technologies. Despite their concerns, HCOs are generally
very interested in adopting and implementing EHR systems. A major concern
of success of implementing is the large gap between planning for the introduction of
EHR systems and medical maintenance system in hospitals. The primary purpose of
the successful EHR systems implementation depends on these application systems
and maintains the application significantly to achieve the benefit desired and
expected. The real barriers causing this gap may not be the availability of tech-
nology to the HCOs, as information systems are actually becoming available almost
everywhere, but the deficiency in providing proper support before, during and after
implementation of the EHR system. The financial constrains are another important
matter of the migration from the paper-based health record to an EHR system.
Generally there are two principle barriers and challenges in the method of pros-
perous EHR system integration, namely:

1. Human barriers (e.g. professional and beliefs);
2. Financial barriers (e.g. available money or funding opportunities).

The human factors become even more important as the benefits are only
anticipated after the successful integration and implementation of the EHRs sys-
tems. The information security is the most important for the quality health care
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service. It improves the potential of EHRs as well as accuracy, accessibility, pro-
ductivity, efficiency and to reducing the costs of healthcare and medical errors.
Most HCO administrators are aware that it is time consuming to migrate from paper
base record system to an EHR system. It is also important to change the provider
behaviors and health care practitioner with regard to electronic healthcare systems,
but time is also needed. Few things also need to be addressed regarding to suc-
cessful implementation of an EHR system, such as attitudes, impressions and
beliefs. The most important factor is essential to understand the reasons for and the
purpose of the implementation of EHR systems in the whole subject [46]. Research
and statistics showed EHRs estimated potential savings as well as the costs of the
widespread adoption of EHRs systems. Important health and safety benefits were
modelled and concluded that effective EHR system implementation and network-
ing, could improve healthcare efficiency and safety. It also showed that Health
Information Technology (HIT) could enhance the prevention and management of
chronic diseases, which could eventually double the savings, while increasing
health and other social benefits. The feasibility of introducing an EHR system to
improve data quality is the meaningful association between the heterogeneous data
source and the integration into HCOs to improve healthcare service. The integrity
constraints are specified in the global scheme of data mapping, which can be used to
promote EHRs data quality as well. The uncertainties are the other important
integration aspect in EHRs that should be minimised to improve data quality. The
most important barriers and constraints to high quality datasets in order to promote
must solved the integration of EHR systems and electronic health record, to achieve
maximum benefit of the healthcare services. Finally, it is noted that the query
answer in the context of data exchange, contributes to data quality.

5 Literature Review

Existing literature shows that several techniques and major EHRs systems currently
exist to deal with data quality issues, which historically have faced DBMS. After a
profoundly analysis of various cutting-edge commercial accomplishment existing
on the software market and an intensive review of literature, it appears there are still
some limitations to practical tools for EHRs systems. Physically access of diverse
information sources of robust support is provided, but only if these are standard
database structure tables. At the moment, there are no automatic mechanisms to
solve existing integration problem [43]. Peer-to-Peer (P2P) topology is used when
system-individual participants contact a localised server to search other data and to
contact other participants directly, to exchange information or share resources.
However, Gribble et al. [23] stated that generic P2P systems often do not take care
of the semantics of the data exchanged. This is a serious drawback, especially
considering that when the network grows, it becomes hard to predict the location
and the quality of the data provided by the system. Tania et al. [57] propose a
mediated query service, which is a system that is used for configuring mediation
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systems for building and maintaining multi-dimensional multimedia data ware-
houses. Considerable disadvantages are, however, involved in moving data from
multiple, often highly disparate data sources, into a single data warehouse. This
translates into long implementation time, high cost, lack of flexibility, outdated
information and limited capabilities.

A subsequent representation by Gilson et al. [21] for data integration was pro-
posed using middleware architecture. The middleware can encompass dynamic
scheduling, performance management and transport services for distributing sci-
entific visualisation tasks in a grid environment. Middleware, however, has a high
development cost, the implementation thereof is time and resource consuming, few
satisfying standards exist, its tools are not good enough and often threatens
real-time performance of a system and middleware products are not very mature.
Load-balancing issues, limited scalability, low levels of fault tolerance and limited
programmer access area, for example, are some of the main disadvantages of
middleware.

Combining Aggregation Operators (AO) and fuzzy Description Logics (DL),
Vojtáš [59] presents a fuzzy DL with general AOs. The expressiveness of the logic
is, however, very limited. An additional evaluation of this strategy was also done
for data and multimedia sources using an ontology-based data integration system.
A Mediator Environment for Multiple Information Sources (MOMIS) data inte-
gration system was proposed using a single ontology approach to overcome this
limitation. The system combines the MOMIS framework with the STASIS
framework. MAFRA [38] is an ontology mapping framework for distributed
ontology, which supports an interactive, incremental and dynamic ontology map-
ping process in the semantic web context. Using ontology integration, the conflicts
in the result can be solved by satisfying the consistence criterion. An approximation
technique has been identified as a potential way to reduce the complexity of rea-
soning over ontology’s in expressive languages such as OWL 1 DL and OWL 2 DL
[49]. A vast amount of research concerning EHR mechanisms has been carried out
over the last few years. Fuzzy-ontology is moving forward to express fuzzy
properties, membership functions and linguistic hedges [11]. The fuzzy-ontology
definitions that are found in the literature are quite naturally influenced by fuzzy set
theory, fuzzy logic and existing ontology languages. Shaker et al. [55] performed an
exercise using fuzzy-ontology integration to solve the problem of equivalently
matching concepts to avoid pairs of mismatching concepts and conflicts regarding
multiple entities to reduce data inconsistency. Another related work was performed
by Sanchez et al. [52], which considers fuzzy-ontology with general quantifiers that
could be used for some type of quantifier-guided aggregation.

Cristiane et al. [15] used a DISFOQuE system to analyse the fuzzy-ontology to
perform semantic query expansions. This is an ontology-based data integration
system for data and multimedia sources, which is essentially performed manually
by the integration designer. A few studies handle fuzziness and give support for
uncertainty in their conceptual models for multimedia materials. The studies by
Aygün et al. [5] and Özgür [45] try to handle this uncertainty by supporting fuzzy
attributes. Different types of databases exist, but the type most commonly used in
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healthcare is the Online Transaction Processing (OTP) database. For the most part,
healthcare databases are used as the foundation for running the many transactional
system databases, which structures accommodate the creation of a wide range of
transactional applications such as EHRs lab systems, financial systems, patient
satisfaction systems, patient identification, data tracking, administration, billing and
payment processing and research. The EHRs database servers are to replace the old
paper-base documents, files, folders and filing cabinets. Data is therefore now more
convenient and current. It’s obvious that the benefits of EHRs are equal to the
benefits of the applications that run on them. Significant advances in automation
and standardisation of business and clinical processes can be attributed to these
applications and databases. With EHR databases, data can also be stored externally
and backed up in a secure place to prevent data loss. Because front-end software
can provide tip text and enforce data integrity, the back-end data can therefore
become more standardised and accurate. Lastly, because the data is electronic, it
allows for quicker processing of typical transactions such as lab results and pay-
ment claims. One of the biggest benefits of all these databases is the amount of data
healthcare organisations have been able to capture. They now have huge data stores
that can be used to inform better and more cost-effective care. EHRs focus on
strategies for combining data residing at different heterogeneous sources and pro-
viding the users with a unified view of the data. A vast amount of work has been
developed in the EHRs area and some interesting results have shown the effec-
tiveness of this approach. It has, however, not been extensively evaluated with
regard to ease of data access to dynamic her systems and their widely implemen-
tation over HCOs. The aim is to avoid the theoretic pitfalls of monolithic ontolo-
gies, facilitate interoperability between different and independent ontologies and
provide flexible EHRs capabilities. In addition, not all the existing EHRs integra-
tion techniques are sufficient, as many healthcare organizations are still capturing
their data in spreadsheets and often mismatch information and formats, which cause
incorrect report generation and reduce the quality of the data. There is thus a need to
develop or use an efficient EHRs system, using a template screen, which is effi-
ciently mapped to the online transaction-processing database. An important
objective of EHRs systems is the way it needs to be adapted to address the data
quality issue to achieve all possible benefits and address, all problems described
above.

6 Electronic Health Records Data Structure

Most HCOs data are highly structured and heavily depend on claims data, but
absence the prosperous scope provided by health data. Furthermore, leverage health
data basically depend on vendor-delivered implementation, communication, such as
a Continuity of Care Documents (CCDs) is the few analytics applications. They
also stick limitations via both design and integration that make them insufficient for
populating health and productivity analytics, until CCDs offer a consolidated and
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expedient way to implement electronic health data. Methods for data capturing in
EHR systems include direct capturing, capturing on the screen template, scanning
hand written documents or importing transcribed data from other information
systems in different data exchange formats, such as JSON, XML, CSV, TXT,
REBOL, Gellish, RDF, Atom, YAML and other data exchange technologies. Each
one of these methods has strengths and weaknesses that may have an impact on data
quality. Only the quality of the data can ensure that healthcare providers have
confidence in EHRs systems to deliver the best service possible. To capture, store as
well as develop and implement structured health data to avoid data quality gap must
use the integrated analysis program. In order to effectively solve the challenge of
data quality gaps, there is a need to discuss further relevant points. Valid data
capturing techniques require that when a clinical encounter takes place and provider
and/or automated systems insert information into an EHR system, it is for example,
captured accurately into the EHR of a patient. Valid data structures need to be used
both in the way in which data is captured as well as storage of the data in an
appropriate format and location. If an integer is captured in a VARCHAR field, its
feasibility for reporting, analysis and quality will be reduced, even if it is captured
in a structured field. If the template or screen structure is not properly mapped or
configured in the database, the value may still be stored in an incongruous location.
The analysis or reporting purposes for this information is extracted from the server
and made instant and available to authorised user. There is no needing include
extracting all pertinent information when it is back end database connection. How
data will extract or how data will select from the query table, are the key factors in
how the exchange of create the data set in how the exchange tackle impacts on the
application quality of the outgoing data quality. It is of importance to identify the
point at which data quality gaps are introduced. This will in turn lead to focused
initiatives to eliminate such gaps.

Data security is a key concern in healthcare interoperability whether paper-based
or electronic health records. According to the human rights, every individual can
keep personal data confidential and not being disclosed for surveillance or inter-
ference from another organisation or even to the government. All confidential
information should be protected and encrypted while data that is shared as a result
of the clinical relationship [50]. Patient data can only be released when the patient
gave his/her consent or when stipulated by law. Information may disclose infor-
mation sharing only if the patient is unable to do so because of age or mental
incapacity, data sharing decision should be made by the legal representative or legal
guardian of the patient. The information is considered confidential and must be
protected when a result the query result of clinical cooperation. The identity of the
patient cannot be ascertained when information is populated, for instance, the
number of patients with HIV in a government hospital, does not fall in this
denomination [50].
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7 Electronic Health Records Data Synchronisation

The gradual harmonisation of the data overtime, so called data synchronisation is
the procedure of establishing consistency between information from a diverse
source to the destination data server and vice versa. Considering large-scale com-
puting, dataflow between multi-user clinicians and one central server, definitely
entails a multi-way synchronisation model. Since, the server must send a client the
data previously created by other clients. The patient is not conscious of the entire
data structure as it is the server data structure algorithm to figure out the modifi-
cations so called he rights management rules. In many cases, data should be
available in more than one directory server using three different techniques for
achieving this. This includes a directory replication protocol, direct synchronisation
between a pair of directory servers and indirect synchronisation between two or
more servers. Replication has the best operational characteristics but the lowest
functionality, which can differ between the various techniques. The majority of
replication techniques entail indirect synchronisation, which has the highest func-
tionality and the poorest operational characteristics, while direct synchronisation is
intermediate. There are numerous reasons why data in one directory server needs to
be made available in another directory server. These include availability, load
sharing, locality, reaching data on other servers, data access restrictions as well as
data mapping. Figure 4 depicts the two-way data synchronisation workflow model:

Generally synchronisation between a client and a server follows five steps:

1. The data administrator rules prepares the data for a “go/no-go” response when
the authorised user initialises the request;

Fig. 4 Two way data synchronisation workflow
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2. The server algorithm rules checks the user authentication to accomplish whether
synchronisation is required and finally checks for all possible conflicts;

3. The authorised user submit the data trees;
4. Before to nodes and stores data the server assigns new IDs to trees;
5. The server uniquely identify the data in the network to these collective IDs and

the collective database.

It should be noted that only the authorised user allows viewing the sent to the
client according to the accurate management rules. Finally, before replacing the
local IDs with collective ones and storing the new trees to the server, the authorised
user updates it’s to local database [17]. The overall practice shows that EHRs and
the ability to exchange health information electronically can help HCOs to provide
higher quality and safer care for patients, while creating tangible enhancements for
healthcare. EHR systems thus enable healthcare providers to not only improve the
care management plan for their patients, but to also provide improved healthcare
through accurate, up-to-date and complete information sets about patients. This
enables quick access to patient records for an improved and coordinated care plan.
This is achieved by securely sharing electronic information with patients and other
clinicians that in turn helps providers to diagnose more effectively and thus reduce
the medical errors. It contributes to the provision of safer care, improved patient and
provider interaction and communication. Add to this healthcare convenience, more
reliable prescribing, promotion of legible and complete documentation supported
by accurate, streamlined coding and billing. Other improvements include enhancing
privacy and security of patient data, helping providers improve productivity and
work-life balance, enabling providers to improve efficiency and meet their business
goals, reducing costs through decreased paperwork, improved safety, reduced
duplication of testing and improved healthcare services. Figure 5 depicts a typical
model of the data synchronisation architecture of a healthcare risk manager’s
organisation:

It therefore became necessary, to implement adaptive, interoperable EHR sys-
tems to improve the quality of data, which addresses the current EHRs challenges.
As a result, the proposed solution will focus on a novel approach based on different
methods and existing systems, to reduce the challenges of EHRs and data quality.
EHRs technology will be applied to not only perform the function of receiving and
displaying information, but to automatically and accurately extract information
from diverse heterogeneous data sources that use makes use of healthcare services.
For data to equivalently match two concepts across different data sources and
automatically resolve any inconsistency arising from multiple data entities is the
challenge of EHRs. The important expected contribution of this study will be to
realise a method to improve on EHRs data quality from heterogeneous and
inconsistent data sources. The key outcome of EHRs will be to discover a new
merged concept by finding consensus among conflicting data entries.
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8 Electronic Health Records Data Collection

Data collection is defined as the on-going, systematic assembling and measuring of
information, analysis and illustration of health data necessary for integration,
implementing, designing, and evaluating public health prevention programmes,
which then enables one to answer relevant questions and evaluate outcomes [62].
The HCOs collect data to observe health to handle subsidies and services as well as
inform bankroll and resource allocation, identify and appraise healthcare services,
inform the development of health policies and interventions, assist clinical deci-
sions about patient care and meet legislative requirements. Surveillance is under-
taken to inform disease prevention and control measures, identify health
emergencies as an early warning system, guide health policies and strategies and
measure the impact of specified health interventions. Few people are, for example,
dying from infectious diseases, but for instance, due to changing patterns of
physical activity and expenditure of drug, tobacco, alcohol and food more people
are suffering from chronic diseases. The survey process is conducted to maximise
accuracy and participation to generate statistics. Using a different data collection
algorithm, these statistics are generated from diverse sources, including household
surveys, routine reporting by health services, public registration and censuses and
disease observation systems. HCOs involve a different civil data set and private data
collection systems, including clinical surveys, administrative enrolments, billing

Fig. 5 A healthcare risk manager’s organisation data synchronisation architecture
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records and medical records used by various entities, including hospitals, physi-
cians and healthcare plans. The possibility of each to facilitate data on patients or
enrolees data on race, ethnicity and language are also collected to some extent by all
of these entities suggesting [16]. Data breaches in healthcare come in a variety of
forms such as different healthcare capturing and storing methods as well as tech-
nology used such as excel, access, SQL and Oracle. Manual data collection from
ward-based sources captured only 376 (69%) of the 542 in-patient episodes, cap-
tured by the hospital’s administrative electronic patient management programme.
Administrative data from the electronic patient management programme had the
highest levels of agreement with in-patient medical record reviews for both length
of stay (93.4%) data and discharge destination (91%) data [53]. Currently, frag-
mentation of dataflow occurs because of silos of data collection. In HCOs data are
often collected by clinical assistants, clinical nurses, clinicians and practice staff.

Compare the completeness of data capturing and level of agreement between
three data collection methods is prospective observational studies:

1. Manual data collection from ward-based sources or paper based: Paper &
Pencil, Surveys, Chart abstraction and Weekly return card;

2. Administrative data from an electronic patient management program: Dedicated
electronic data collection systems, EHRs-based, Images and Audio and video
recording (qualitative research);

3. Inpatient medical record review for hospital length of stay and discharge
destination.

With specific diseases in clinical and genomic research, the objective of EHRs is
to generate large cohorts of patients. The electronic phenotype selection algorithms
are to find such cohorts a rate-limiting step is the development.

This study evaluated the portability of a published phenotype algorithm to
identify Rheumatoid Arthritis (RA) patients from electronic health records at three
different institutions, using three different EHR systems. EHR systems are seen by
many as an ideal mechanism for measuring the quality of healthcare and monitoring
ongoing provider performance. It is anticipated that the availability of
EHRs-extracted data will allow quality assessment without the expensive and
time-consuming process of medical record abstraction. A review of the data
requirements for the indicators in the Quality Assessment Tools (QAT) system,
suggests that only a third of the indicators would be readily accessible from EHRs
data. Other factors such as the complexity of the required data elements, provider
documentation habits and the EHRs variability make the task of quality assurance
more difficult than expected. Accurately identifying eligible cases for quality
assessment and validly scoring, those cases with EHRs extracted data will pose
significant challenges, but could potentially lower costs and therefore expand the
use of quality assessment. Improving the data collection process across the
healthcare system is one of the key challenges to improve data quality.
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9 Improving Data Collection Processes

Overreaching opportunities abound for increased quantities of EHRs, for improved
quality of data and for new data elements that were once considered too burden-
some or expensive to capture. This wealth of EHRs can be used to validate or
calibrate health demand models, for inpatient care information systems analysis and
for modelling mobile source emissions across a healthcare network. These data
collection and processing advancements are however, costly and should be
implemented with caution. The focus of healthcare is on data accuracy issues
pertaining to the mechanism chosen for data collection and data processing, using
EHRs technology. Vast amounts of technology spreads exist throughout the
transportation field, which are automating numerous manual data collection pro-
cesses. These advances generally reduce labour costs and manual capturing errors.
Automation of survey data collection allows EHR systems to collect new data
streams without increasing respondent burdens. When data are combined from
diverse heterogeneous sources, the data that are syntactically identical (same for-
mat, same units) can show important inconsistencies, as data elements that sup-
posedly represent the same concept, actually represent different concepts at each
site. The term semantic variability expresses the data variability caused by differ-
ences in the meaning of data elements. Differences in data collection, abstraction
and extraction methods, or measurement protocols can result in semantic vari-
ability. Figure 6 depicts the dataflow control system in large-scale DBMS.

Fig. 6 The data flow control system in large scale DBMS
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Failure to distinguish between fasting and random blood glucose, finger-stick or
venipuncture sampling or serum or plasma measurements would, for example,
result in glucose values that do not represent the same concept. Semantic variability
is difficult to detect using single-site data alone, because data semantics tend to be
consistent within an institution. Only when the data are combined from multiple
heterogeneous sources can such semantic differences be detected. The above dis-
cussion regarding the challenges faced by various healthcare professionals and
healthcare institutions, highlights the importance of accurate data capturing and data
quality in order to overcome HIT constraints and minimise respondent and
organisational resistance. Integration of data systems has the potential to streamline
collection processes, so that data can be reported on easily and that an individual
would not need to self-identify race, ethnicity, and language requirements during
every health encounter. Integrating the various data systems, enhancing legacy HIT
systems, implementing staff training, and educating patients and communities about
the reasons for, and importance of collecting these data, can help improve data
collection processes. Not all data systems capture the method through which the
data were collected, and some systems do not allow for data overrides. The inter-
operability of data systems may, for example, prohibit a provider from updating a
patient’s data, which were provided by the patient’s healthcare plan. Self-reported
data should therefore trump indirect, estimated data or data from an unknown
source. Ways of facilitating this process logistically warrant further investigation.
Data overriding should be used with caution, as overriding high-quality data with
poor-quality data reduces the value for analytic processes.

Currently, one specific data collection effort under evaluation for automation is
the patient update survey, which traditionally has been administered to obtain a
comprehensive up-to-date patient history. The fundamental concern associated with
the need to change medical practice tendencies and the way of interacting with
patients, created barriers to EHRs implementation and use. The adaptation to EHR
systems were also considered a major threat to practitioner professionalism, because
of the corresponding requirements for providers to adhere to the requirements of the
EHRs, including electronic documentation and compliance with standardisation
guidelines. Even though current data collection methods are subject to numerous
errors, the survey data collected are used to forecast regional health data such as
demographics, hospital admissions and discharge notes, medical history of patients,
improvement notes, outpatient clinical health notes, medication prescription
records, medication and allergies, immunisation statuses, radiology reports and
images, laboratory data and test reports, essential symptom, personal statistics like
BMI, blood pressure, age and weight information etc. In addition, the availability of
EHRs databases makes the automated processing of such data feasible. With the
application of these technologies, however, care and caution should be applied
when using and interpreting the datasets obtained from the data collection method
used.
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10 Data Quality Issues in Electronic Health Records

Quality data, appropriate for use, comprise of characteristics that include com-
pleteness, uniqueness, consistency, accuracy, validity, correctness and accurate
timelines. The quality of data can be analysed from multiple dimensions. One such
dimension is a measurable data quality property that represents some aspect of the
data accuracy and consistency that can be used to guide the process of under-
standing quality [44]. Though EHRs data quality is often only considered within the
narrow scope of data verification and validation, it should also concern equally
critical aspects of assuring that EHRs data is appropriate for a specific use. Alter-
natively, the quality of data is comprehended as in high demand, according from
this denomination, as the volume of data increases and the question of internal
consensus within data become significant, regardless of its appropriateness for use
for any particular external purpose. Even when discussing the similar set of data
used for the same intention, confluence’s prospect on data quality can often be in
uniqueness. Some information quality problems may arise from when the raw data
is collected until it becomes useful information. The majority of EHRs data is
captured by a large number of individuals from heterogeneous sources and data
exchange accessed these days to index text object use data rescue systems devised.
Due to unit measurement without different definitions and may be captured in the
EHR system. It will absolutely impossible or may not comparatively and assess-
ment to interpret what is being reported by other clinician when validated psy-
chometric scales to assess patient status are not used. The objective deficiency that
these problems, classify idiosyncratic data quality features.

The data inconsistencies can be identified directly, which can lead to inaccu-
racies and bias, as the data is collected geographically and over time and might be
adjusted differences over to account for unequal measures over time [9]. The main
concern of EHRs is the feasibility of introducing EHR systems in HCOs to improve
the data quality in order to achieve all possible benefits pertaining to healthcare
services. To effectively address this concern, the following issues need to be taken
in account:

1. What are the most meaningful associations among heterogeneous health data
sources that can be explored to improve EHRs data quality?

2. What kinds of integrity constraints are specified in the global scheme of data
mapping that can be explored to improve EHRs data quality?

3. What are the uncertainties in data integration that when minimised, results in an
improved EHRs data quality?

Schaal et al. [54] motivate the adoption of accessible data based on its definition
of data that comprises of clarity and consistency. The intimidation posed during
data storage and transmission, EHRs are seen as a hopeful accomplishment to
problems in EHR managements and despite them. One of the key barriers is to
optimally use routinely collected data, as the increasingly poor quality remains in
the data. This raises the need for automating the mechanisms used to measure data
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quality and semantic interoperability. This framework is a result of filtering the
existing data quality dimensions in many research sources and checking its suit-
ability to the nature of e-health systems. In many research sources and verifying its
praiseworthiness to the behaviour of e-health systems, this skeleton is a outcome of
percolation the subsist data quality dimensions.

11 Methodology

The main contribution of EHR systems consists of mathematical modelling of a
heuristic methodology based on a combination of the perfect matching and simi-
larity measurement for distributed concepts unanimity techniques for inconsistency
and conflict resolution performance to improve data quality. Creating a consensus
between perfect matching and similarity measurement can be resolved unite of data
inconsistency, mismatches and conflict ontology entity regarding diverse data
sources. Data quality, consistency, reliability, validity, accuracy, completeness and
timeliness are the eventual significant list of EHR systems. Matching is a process of
finding alignment between sets of correspondences with a semantic verification
output of the matching process. This merging is a process of creating a new set of
possibly overlapping data. However, the aim of the main task is to determine best
illustrate object to find semantically fundamental equivalent motive in EHR sys-
tems. This provides a strong theoretical and practical framework to work with
heterogeneous, complex, conflicting and automatic consensus methods for EHRs.
A concept detection method could be semantically more meaningful, if multimedia
data integration process is a subset of the annotation process for trustable automatic
data mapping, such as image, sound or video indexing by special code. This means
that each and every EHRs amalgamated data associate to a distinguishable adum-
bration characteristic. So, conflict may happen on EHRs data integration, if a
diverse amalgamated data associate to the same apprehension in the diverse EHR
system. Discovering the interrelation in EHR systems is a significant phenomenon
among entities manifested in diverse EHRs values. The similarity measurement
often discovered that those conflicting entities are approximately identical among
EHRs entities. Specially, with a chronic health circumstance, the EHRs statistic
predicts individual development and effectuation, since EHRs adoption better meets
the needs of the growing modern community. Currently, there are five principles
that contribute to data quality. These principles are listed as:

1. Formal Concept Analysis;
2. Conceptual Clustering;
3. Generation;
4. The Grid-File for Multi-attribute Search;
5. Semantic Representation Conversion.
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This will be done to ease data access, extract information, search mechanisms,
synchronises and establish semantic connections, filter data and provide different
levels of security, provide data inconsistency solutions, resolve equivalently
matching or conflicting information in multiple entities, resolve queries and achieve
data compression and automatic EHRs integration simultaneously. Conflicts based
on the occurrence of the same names or the same structures for different concepts,
were solved by using the concept of Potentially Common Parts (PCP) propagation.
Other aforementioned conflicts such as associated value conflicts and conflicts on a
concept level, were also resolved using consensus methods. Specific criteria can be
attributed to the representation. The criteria comprise of:

Comparability consists and specify designate of the analytical data quality, in
observing the variation in performance critical measures to the Triad as the Triad
emphasises collaborative data sets. Various analytical methods show that there are
three different types of divers can be identified in collaborative data sets. These
variations are individual-level variations (for example age, sex, co-morbidities),
provider level variations and random/residual variations. It is obvious that chal-
lenges in data availability and comparability issues are numerous national and
international comparisons.

Completeness is defined as the extent to which all data elements are integrated.
One of the most important aspect for integration result that the completeness is the
guarantee of appearance of all ingredients when integrating. Each data element
should be captured in an EHR system, so that a provider could create a data set for a
patient’s characteristics. Either, it will not possible for a provider to create an
accurate diagnosis for a patient characteristic. Incomplete data can’t provide
accurate diagnosis even when the corresponding information supplied by EHR
systems. The data will remain incomplete, until providers are not completed with
the approximate group value associating to semantic categories. Finally, the
inconsistencies of the patient diagnosis with appropriate values, with the incon-
sistency of any value in these appropriate values are the intention acceptability of
total designation for the EHRs completeness.

Consistency is defined as the absence of any inconsistencies in the EHRs result
and been solved all appearing conflicts among elements when integrated. When
stream data appended dependent interpretative variables from diverse heteroge-
neous sources, often integrate data refers to the similar subject, but apprehend
different inconsistence information. The time (T) dimensional observation data
could be large and are asymptotically valid for certain time. The data could be
repeat approximately same value over the time such a situation is called a conflict.

Identification is defined as structure similarity among entity source and the
EHRs result. The EHRs domain apprehensions often contain entities that have
interrelated among the property value. This defines that each EHRs entity accom-
panied to certain concepts. If identical characteristic associating to the identical
apprehension in various ontologies, the conflict in the EHRs are also associated
with different associated EHRs value, it also manifested as conflict.

Timeliness is defined as associate between the registration and diagnosis entity
and the determination time to the observation diagnosis of the occurrence statistical
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report. The EHRs statistics reports improve provider observation of patient outcome.
Overall statistic indicated that the use of EHR systems could sustain improves pro-
ductivity of health care service, such as timeliness statistic report or invoices etc.

12 The Similarity Measurement

The importance of EHRs data integration is to find the correlation among entities
manifested in diverse EHRs. The similarity measure technology may discover those
conflicting entities are approximately identical among EHRs entities. With the
tremendous growth in the adoption of EHRs, heterogeneous sources of patient
health information are becoming available. It is practically challenging to discover
significant similarity entity and how to measure and leverage providers inputs. It is
a very important aspect to identify accurate subsidiary uses of EHRs data to achieve
the goal [31]. Figure 7 shows the workflow and architecture of the similarity
detection service as follows:

Fig. 7 Workflow and architecture of the similarity detection service
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The objective of similarity becomes even more important, when measuring the
similarity among equivalent patient entity based on their EHRs data. There are three
effective similarity measurement types are appropriate in many applications, such
as:

1. Case-based retrieval of similar;
2. Treat similarity between the batch similarity;
3. Cohort comparison and comparative effectiveness.

According to the aforementioned EHRs integration, the similarity measurement
technology assorted in four different groups:

Instance-Based Similarity: The similarity between concepts is determined by
common instances, as well as comparing new problem instances with instances and
stores in memory, instead of performing explicit generalisation. Instance-based
ontology mapping is a promising solution to a class of ontology alignment prob-
lems. The similarities between concepts define as ordinary instance and matching
new entity issues and store them, but not executing the exact generation. The
common entity is the key value of similarity among two concepts. The promising
solution is instance-based ontology mapping for a class of ontology classification.
Measuring among similarity and annotated entity sets crucially depends on it. A set
of abstractions evolved from significant entities do not maintain by Instance-based
algorithms. If it has the large storage capability, then this approach reaches the
nearest neighbour algorithm. The classification accuracy significantly reduced the
large storage requirements, but its performance degrades rapidly.

The instance-based similarity equation is:

Similarity x, yð Þ= −
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑
a=1, n

ðxa − yaÞ2
r

ð1Þ

where, x and y are instances in an n-dimensional instance space [18].

1. Lexical-Based Similarity: The similarity between two concepts is based on the
analysis of the linguistic interpretation of associated names. An example, let’s
find a most similar words for word W , to combine an estimate. Weight the
evidence provided by word W

0
by a function of its similarity to W . Combining

information among similar words is a similarity measuring function between
words. Which word pairs require a similarity-based measurement is determined
by a scheme method. If word W

0
1 is “alike” to word W1, then W

0
1 can partici-

pating entity about the probability of invisible word pairs involving W1 [27].
The Lexical-Based Similarity methods for language modelling of combining
evidence evaluated as:

Psim W2jW1ð Þ= ∑
w0
1 ∈ Sðw1Þ

W w1,w
0
1

� �

N w1ð Þ P w2jw0
1

� �

ð2Þ
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Nðw1Þ= ∑
w0
1 ∈ Sðw1Þ

Wðw1,w
0
1Þ ð3Þ

S(W1)—The set of words most similar to W1;
W(W1, W1′)—Similar function.

2. Scheme-Based Similarity: The similarity among amalgamated characteristic is
the analysis of similarity among two intentions. There are two types of structure
based similarity:

1. The internal structure-based similarity;
2. The external structure-based similarity.

It can be the alteration of Psim W2jW1ð Þ in the back of Eq. (2), such as interpo-
lating with the unigram probability Pðw2Þ:

Pr w2jw1ð Þ= γP w2ð Þ+ ð1− γÞPSIMðw2jw1Þ ð4Þ

The linear combination illustrate in yielding between the similarity estimate and
the back-off estimate:

if γ = 1, Then possibly to make γ depended on w1.

So, the similarity allotment for achievement could vary between words [33].

3. Taxonomy-Based Similarity: The structural relationship breakdown is the base
of similarity among two concepts in Taxonomy-Based Similarity. It considers
the relations as links connecting concepts. If two concepts are already matched,
their neighbours (concepts are collected along with the links from the already
matched concepts) may also be somehow similar.

Let’s consider two gene products W1 and W2, and being represented by col-
lections of terms W1 = T11, . . . , T1i, . . . ,T1n and W2 = T21, . . . , T2i, . . . ,T2n.

Based on the two sets, the goal is to define a natural similarity between
The main goal is to determine a natural similarity, based on two sets among W1

and W2, denoted as S(W1, W2) [48]. Considerable two principle approaches are:

1. First approach: The similarity is computed pair-wise, say Sij(T1i, T2j) and then
the aggregation is performed using, for example, the average as:

Sa W1,W2ð Þ= ∑n
i=1 ∑

m
j=1 Sij

mn
ð5Þ

It is an interesting factor, when the objects T1i, T2j, belong to a given ontology.
Here, the pair wise similarity can be determined as in [37] using shortest paths

and information theoretic constructs. The problem rise, only if the average is used
with this approach.

Even when the two sets are very similar, Sa(W1, W2) may not be 1.
When W1 and W2 have only one common entity, then the similarity is 1 and it

will ignore the other. Then real trouble is to choose the maximum.
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13 The Perfect Matching

Every apex of the nodes is incident and to exactly one edge of the matching is an
assignment of nodes, called perfect matching. The concept of perfect matching is
n/2 edge, it means that perfect matching only possible on nodes with the even
vertices number only. Complete matching or 1-factor is the other name of perfect
matching. Here, the dynamic Hungarian algorithm is presented, appropriate to
optimally solve the assignment task in condition with changing edge costs, time and
as well as improving the healthcare service. The combinatorial optimisation algo-
rithm of Hungarian method is to solve the assignment issues in polynomial time and
which expected later primal-dual methods. The assignment problem is
widely-studied and exists in many application domains, known as the maximum
weighted bipartite matching problem [10]. The Hungarian algorithm undertakes the
existence of a bipartite graph, G = (H, P; E) that have illustrated in Fig. 8, where E
is the set of edges and H and P are the sets of nodes in each baffler of the diagram.

Let us call a function y: H ∪ Pð Þ→R a potential if , y ið Þ+ y jð Þ ≤ c i, jð Þfor
each i ∈ H, j ∈ P. The potential value of y is ∑n

v∈H ∪P yðvÞ.
The time of each perfect matching is the latest value of each potential.
The perfect matching of tight edges discover by the Hungarian method: an edge

ij is called tight for a potential y, if y ið Þ+ y jð Þ= c i, jð Þ. Let us denote the subgraph
of the tight edges by Gy. The time of a perfect matching in Gy (if there is one)
equals the value of y.

Suppose, there are four hospitals (same group hospital) in a big city to which a
model is assigned tasks on a one-to-one basis. The time of assigning a given
resource to a given task is also known. Figure 8 shows a bipartite graph of Hun-
garian algorithm as follows:

Fig. 8 Bipartite graph of the
Hungarian algorithm
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An optimal assignment needs to be found, which minimises the total time to
better service. The central hospital call centre receives emergency phone calls and
decides from which hospital to send the ambulance and to which hospital the
minimum distance is between the hospitals (H) and the patient call location (P).
A decision-making model is designed using the Hungarian algorithm to calculate
how the ambulance should respond to the patient for emergency services to min-
imise the total time, as time is the biggest factor which can save the life of patients.
The distance in kilometres (km) between the hospital H (ambulance location) and
the patient call location P are given below:

Step 1: Subtract row minima: This step is to determine the lowest element. Then in
that row, subtract it from each element. In row 1 subtract 95, in row 2 subtract 55, in
row 3 subtract 110, and in row 4 subtract 65 as the lowest element.

Step 2: Subtract column minima: In this step similarly as step 1 for each column
let’s determine the lowest element then, subtract it from each element in that same
column. In column 1 subtract 0, in column 2 subtract 0, in column 3 subtract 0 and
in column 4 subtract 10.
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Step 3: Cover all zeros with a minimum number of lines: This step is to cover all
zeros in the resulting matrix. Minimum number of horizontal and vertical lines
should be use to cover all zeros. An optimal assignment exists between the zeros, if
n lines are required. The algorithm stops.

The step 4 will continue, as it required less than nth lines.
Step 4: Create additional zeros: This step is to determine the smallest element (call
it k) in step 3. This smallest element didn’t cover by a line. All uncovered elements
must subtract by k, here is the smallest element. Then if the element covered twice
then add k to all elements. We have to proceed to Step 5, as we have the minimal
number of lines is less than 4.
Step 5: This step is to determine the smallest entry (5) that is not covered by any
line. So, in each uncovered row subtract 5.
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Now add 5 to each covered column.

And now let’s, return to the Step 3.

Step 3: Again cover all the zeros in the resulting matrix. Minimum number of
horisontal and vertical lines should be use to cover all zeros.

Step 4: Since the minimal number of lines is less than 4, return to Step 5.
Step 5: Note that 20 is the smallest entry not covered by a line. Subtract 20 from
each uncovered row.

Then add 20 to each covered column.
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Now return to Step 3.

Step 3: Cover all the zeros in the matrix with the minimum number of horizontal or
vertical lines.

Step 4: Again determine the smallest element of lines is 4. This smallest element
didn’t cover by a line. The calculation is finished as an optimal assignment of zeros
is possible.

We have found the zero as the total cost for this assignment. So, it must be an
optimal assignment.

Now, let’s return to the original time matrix of the same assignment.
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So the hospital should send ambulance H4 to Site P1, ambulance H3 to Site P2,
ambulance H2 to Site P3, and ambulance H1 to Site P4.

14 Analysis of Results

Information and Communication Technologies (ICT) in healthcare organisations
can be used in a beneficial way to address the key benefits and challenges faced by
EHR systems, and policy makers increasingly recognise this potential. ICT enabled
solutions support the provision of effective, efficient and good quality services,
when implemented on a larger scale DBMS.

Healthcare policy makers and strategists inevitably will have to find some way in
which to deliver more and more complex services to meet the increasing demand
and expectations for promotion and maintenance of health, treatment and care. It is
a significantly essential component to confirm that expected benefits must actualize
by healthcare professionals to ensure EHRs adoption. There is associating the
specific impact of isolating and organisational factors in designating EHRs adoption
called a knowledge base gap. Therefore need to be assessed on the adoption of
EHRs in healthcare settings, the unique contributions of isolating and organisational
factors, as well as the possible interrelations between these factors.

All experimental measured units such as time, distance and motion are a con-
tinuous variable and calculated in standard deviations and units in standard time
formats. Time is estimated using a count of the incidences of an activity within a
certain time period and reported as proportions. To facilitate comparisons across
studies, taking in account the different sampling units, such as ambulance encounter
versus ambulance total emergency service time, a relative time difference was
calculated. The relative time difference was determined for each, considering the
time it took to document using a computer, minus the time it took to document on
paper, divided by the time it took to document on paper, producing a negative value
if the EHRs was time efficient. 95% Confidence intervals were calculated for dif-
ferences in means and proportions to assess the significance of reported differences,
when there was insufficient information to compute 95% confidence intervals. The
weighted averages were calculated for both types of sampling unit ambulance
encounter and emergency service time, to accumulate for the changeability across
our test studies. The following formulas have used to calculate the weighted
averages [36]:

WA=
∑n

i=1½SW ið Þ*RTD ið Þ�
∑n

i=1 SWðiÞ ð6Þ

In which,
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SWð Þ= ngroup1 + ngroup2
� � ð7Þ

RTDð Þ= ðdocumentation timegroup2 − documentation timegroup1Þ
documentation timegroup1

ð8Þ

where WA—Weighted Average, SW—Sampling Weight, RTD—Relative Time
Difference.

The overall research identified that to achieve the benefits, depends on successful
EHRs system implementation and use. Only data quality can provide confidence
about the EHRs data to providers so that the benefits of using EHRs, such as best
service, data accessibility, quality and safety measurement, improvement and
reporting can be seen.

15 Conclusions

The main contribution of this chapter is the improvement of a novel framework for
an effective method for electronic health records to achieve its maximum benefits
and reduce data quality challenges in healthcare organisations to the minimum.
A consensus method was also applied to solve the matching conflicts in EHRs
integration. In practice, a dynamic Hungarian algorithm-matching tool was
implemented by combining PCP and consensus techniques. The EHRs consist of
the following essential steps to achieve the goal: the formal concept analysis the
conceptual clustering, the ontology generation, the Grid-File for multi-attribute
search and the semantic representation conversion. EHR technology became even
more essential for modern healthcare services as increasing the communication
network (Internet) and ICT technologies. The aim of EHR systems are not only to
improve the healthcare service and wellbeing, it is indispensable demand to design
a novel framework for EHRs services to reach beyond independent towards sus-
tainability of our modern society and adaptation. Introducing EHRs systems in
healthcare service can, however, offer vast benefits to HCOs and society. The social
and ethical acceptance is an important factor for the EHR systems adoption, such as
services relies to trust between patients and providers have towards. In this chapter,
we discussed the possible benefits and challenges of data quality by introducing
efficient EHRs systems in HCOs.

The dynamic Hungarian algorithm shows how a decision-making system for the
assignment problems with emergency services saves time and reduces service costs
and the results showed that both accuracy and completeness have a large impact on
the approach effectiveness. In real-time scenarios, the goal of the method algorithm
is to efficiently integrate health data and repair inconsistence data instantly and
accurately, when changes in the edge time and costs appear. The overall scenario
and challenges discussed above shows data quality in EHRs systems, which
demonstrate the method to be effective with regard to accurate performance of the
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provider’s service. This method presents the result of the principle theoretical
characteristics that are considered to tackle any thereafter theoretical and practical
problems for both qualitative and quantitative methodologies of implementing
EHRs. The EHRs system will not have any limits and the system can be modified
efficiently to benefit scalability.
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