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Abstract The umbrella that covers predictive analytics systems is called business intelligence (BI) systems which
are set of technologies, architecture, tools, processes and best practices to extract insight and useful information from
structured and unstructured data about the current business performance of the organization and to report about
historical trends to take better decisions and improve the organization performance. Thus, Healthcare predictive
systems are analytic systems which aim to minimize the future medical cost and help to provide in hospital a high
level of healthcare and preventive healthcare due to the early detection of risks and possibility to take better actions
and decisions. This paper is about developing a model toward successful predictive analytics use for organizational
decision making. Furthermore, this research show that most of the previous research was focusing only on the use of
predictive analytics for technical purpose and medical decision making while neglecting its use for the
organizational decision making in hospitals.
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1. Introduction
1.1. Background
Many healthcare organizations are using the predictive
analytics to assist them in predicting and preventing diseases
such as heart failures [1], diabetes [2], liver diseases [3]
and others. Furthermore, they are intending to acquire
benefits from predictive analytics such as having better
revenues, predicting risks, making strategic corrections
[4,5], reducing costs [6], resource allocation and management,
manage the hospitals staff and distribution of workforce [7],
and taking better and faster decisions by managers [8,9,10].
Furthermore, the use of predictive analytics in healthcare
is facing many issues and challenges such as data quality,
low return on investment, did not know how to benefit
from the predictive analytics outcomes [11,12], lack of
input data for the predictive models [13,14,15,16,17], and
the wrong use of predictive analytics [4,18].

1.2. Problem Statement
Recently, predictive analytics have acquired a wide
spread among organizations from different sectors and

purposes of use such in education [19], in governmental
organizations [20], in supply chain [8], public transportation
[21], IT service providers [22] and others to improve
services, minimize costs, reduce time, retaining customers,
and wining a business advantage. In healthcare sector
organizations have start using predictive analytics to
discover trends, patterns and predictions that help in improving
the healthcare services. Even so, these efforts in healthcare
sector still immature in comparison to the use of predictive
analytics and its success in other sectors [23].
The problem statement of this research can be divided
into two main parts. The first part is concerning the lack of
studies investigating the success of predictive analytics use.
The second part is regarding the lack of models studying
the effect of successful use of predictive analytics for
the improvement of organizational decision making in
hospitals.

1.3. Research Questions
Based on the problem mentioned above the main question
that this research will try to answer is: What are the factors
affecting the successful use of predictive analytics for
organizational decision making in healthcare organization?
To answer this main question, three sub questions will be
answered:
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1. What is the predictive analytics success?
2. What is the basis of predictive analytics use
for organizational decision-making in healthcare
organizations?
3. How can a model of predictive analytics successful
use for organizational decision making in healthcare
organization be developed?

1.4. Research Objectives
This research aims to develop a model for the successful
use of predictive analytics systems for organizational
decision making in hospitals and to investigate the valid of
the theories expectation confirmation theory and DeLone
and McLean IS success model for the successful use f
predictive analytics and its effect on the organizational
decision making in hospitals. The specific objectives of
this study are identified in the following points:
1. To identify predictive analytics success
2. To determine the basis of predictive analytics, use
for organizational decision making in healthcare
organizations
3. To develop a model of predictive analytics successful
use for organizational decision making in healthcare
organization

2. Literature Review
2.1. Introduction to Predictive Analytics
Systems
To introduce what is predictive analytics we need to

know where it comes from. Thus, firstly the umbrella
that covers those systems is called business intelligence
(BI). In this research the business intelligence systems
are defined as set of technologies, architecture, tools,
processes and best practices to extract insight and useful
information from structured and unstructured data about
the current business performance of the organization
and to report about historical trends to take better
decisions and improve the organization performance.
Thus, Data mining is part of Business intelligence
functionalities as defined by Gartner who described BI as
a software platform delivering 14 capabilities divided into
three groups of functionalities including integration,
information delivery and analysis functionality which
contain the data mining and predictive modeling. While
data mining is considered as the automated process to
detect the unknown patterns in the structured data
of the organization [24,25]. Another research [6] describes
data mining as the process to collect, filter, prepare,
analyze and store data that will be used to create useful
knowledge and supporting the data analytics and
predictive modelling. In fact, data analytics is divided into
four types as follow:
• The descriptive analytics: which describe the
current situation and answer the question what is
happening now?
• The diagnostic analytics: which answer the question
why this is happening?
• The predictive analytics: which answer the question
what will happen in the future?
The prescriptive analytics: which answer the question
what is the right choice or solution?

Figure 1. Classification of analytical methods [26]
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Thus, Predictive analytics in general are used to detect
the relationships and patterns in data to look forward and
to predict the future by analyzing the past and taking
better preventive decisions [27]. While, as shown in the
Figure 1 above the classification of analytical methods
start by the descriptive analytics which look backward and
deliver information that help in understanding what
happened in the organization. Thus, business intelligence
(BI) is considered as descriptive analytics and it had
proven its efficiency in enhancing the quality and process
of decision making [28]. Whereas, predictive analytics is a
higher level than descriptive analytics due to its capability
to create insight to know what can happen in the future
which help decision makers to make fact based decisions.
Based on that, we can consider that predictive analytics
have been developed to optimize the level of analytics and
results of BI which are the precedent and preparatory
stage for predictive analytics that can analyses the
information delivered by BI to create insight and make
future predictions and better decisions.
Moreover, Michael, Sule, and Dan, [18] define
predictive analytics as technologies and methods that
allow organization to detect orientations and patterns in
data, developing models, and testing a huge number of
variables. The predictive analytics are used by
organizations to achieve their desired goals and increase
their profits. Also, the research reports show that its
estimated to have a grow in the predictive analytics
market from $1.70 billion in 2013 to $5.24 billion in 2018
with CAGR rate of 25.2%. Predictive analytics are
considered by Hoda, Stephen, Steven, Nilmini, [27] as a
prediction of the future by analyzing the past performance
and studying the historical data to uncover the
relationships and patterns in these data. While [4] add that
the predictive analytics help organizations’ in predicting
risk, tendency, and in attaining better revenues by
enhancing their key metrics and making strategic
corrections and this is by making accurate predictions
from structured and unstructured information. Those
predictions are done based on models. Thus, predictive
models are creating during the predictive modelling

9

process to discover the patterns between dependent
variables and explanatory variables and predicting an
outcome [4,5].
Indeed, predictive analytics will be defined in this
research as the analysis of past performance, structured
and unstructured data by using predictive models,
to discover new patterns and information to learn, to
predict the future and make better and preventive
decisions.

2.2. The Use of Predictive Analytics System
in Healthcare
Healthcare predictive systems are analytic systems
which aim to minimize the future medical cost and help to
provide in hospital a high level of healthcare and
preventive healthcare due to the early detection of risks
and possibility to take better actions and decisions. In fact,
those predictions are based on the historical patients’ data
including detailed information about the patient, his
medical history and diagnoses. For instance, in one of
hospitals in Texas due to predictive analytics the hospital
could save more than half million dollars by implementing
a predictive system that predict any complications of heart
failure patients to prevent it. Thus, the predictive analytics
use models which suggest algorithms to help in the
medical treatment and disease detection; or it can be used
beside the electronic health records systems [6]. Yichuan,
LeeAnn, Terry, [9] highlight also that predictive analytics
has been extensively used in healthcare to reduce
preventable readmissions rates, to allow faster and better
decision making by managers, and contribute in preventive
healthcare. Moreover, it assists healthcare organizations to
evaluate the situation of their current services, determining
the best clinical practices, reduce healthcare costs, and
understand the future trends in healthcare.
Predictive analytics systems and models have been used
in healthcare in various ways and many researches have
been conducted on the use of predictive models to
overcome many healthcare challenges. The table below
show some of researches conducted.

Table 1. Review of previous research of predictive analytics use in healthcare
PURPOSE

ALGORITHMS AND TOOLS

COMMENTS

REFERENCE

Predicting 30-da- readmission
risk of congestive heart failure
patients

Multiple classification algorithm:
- Logistic regression
- Random forest
 Hadoop
 Hive
 Casandra
 Mahout

In this research they have use multi-algorithm which
lead to the satisfactory results of the research with
high accuracy.

[29]

Predicting readmission of
patients with (pneumonia,
acute myocardial infarction, or
chronic obstructive pulmonary,
and heart failure disease.

- Tree based classification

This study had weaknesses such as the use of
homogeneous data which lack of diversity, and the
data was only from administrative data which make
the predictions inaccurate and this was proved by
research before that administrative data is not
sufficient to efficiently identify and differentiate
between the preventable and non-preventable
readmissions

[30,31]

Predicting risk of readmission
for patients with congestive
heart failure

- classifier, features, discretization
algorithm
 Weka
 KEEL

In this research they have use the operational data to
make predictions, which might be incomplete.
Moreover, the accuracy was acceptable but the data
number was small and lack of diversity which
decrease the validity and accuracy of results.

[13]
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ALGORITHMS AND TOOLS

COMMENTS

predicting types of diabetes
diffuse, complications, and
identifying possible treatment

 Hadoop
 Map Reduce
 HDFS

The system developed in this research target to
detect earlier diabetes which will cure diabetes
patients and decrease the costs of the treatment but
the efficiency of this research can be affected by
depending solely in Hadoop as a tool especially that
it does not give the query functionality and it run
slower than other database management systems

REFERENCE

[2]

To predict diabetes patients’
conditions and improving
decision making

- Classifiers:
Multilayer perception
and Baes network
 WEKA
 Root means squared error
 Area under ROC

The results of this research were not satisfactory
regarding the prediction of wellness where the
accuracy was low, but the results for predicting
diabetes occurrence was higher and more accurate.

[32]

Early detection of liver disease
and testing the accuracy of
different classifications
algorithms

Classification algorithms: decision
trees J48, artificial neural network,
Zero R, Naïve bayes, VFI.
 WEKA

The results of this research have shown that for
higher accuracy in the predicting results multilayer
perceptron algorithm must be used While in the
other hand the lower accuracy is resulted from the
use of Naïve Bayes.

[3]

Complex model to support
decision making in treatment
of acute coronary syndrome,
and predicting the risk, and
unwanted events such as
clinical death

- outcome prediction, simple
classifier and states-based
prediction

This research strength is the use of combination and
integration of various models in a complex
predictive model which increase accuracy and
decrease the biased decisions

[33]

Predict the disease risk in short
term for the patients of heart
failure in the tele-health
environment. The goal of this
system is to improve the
decision making and
minimizing the cost and time
for patients

- recommendation algorithm used
based on time series data analysis

The system need to be improved to reduce more the
workload of patients and more tests. And
experiments on larger number of patients might be
made to ensure of the accuracy and ability of the
system

[14]

To predict the Chronic
obstructive pulmonary disease
(COPD) aggravation risks
before it happens to prevent it

- Multi-layer neural network
- Backpropagation algorithm

The limitation of this research is the use of a limited
number of data which decrease the accuracy and
correctness of results

[15]

Multiple predictive model to
predict the physiological status
of patients

Four neural network algorithms:
- Probabilistic Neural Network
- Support Vector Machine
- Multi-layer
- Levenberg-Marquardt (LM)

This research has integrated four different
algorithms to take benefit of the strength of each
one in addition to their combination with multiple
schemas which increase the accuracy of prediction
results

[34]

To predict the hospital length
of stay (PHLOS) and to
recognize which patients
require fast and early
interventions or normal
interference to prevent any
complication that may lead to
length of stay

- Clustering algorithms: K-means
clustering
- Classification algorithms: SVM
(support vector machine), Bayesian
Network, JRIP, J48;

The results of this research show that the use of
clustering algorithms with classification algorithms
lead to have results with higher accuracy but the
results of this research were approved only by one
expert of emergency medicine thus the results of the
research need to be tested and validated to be
approved.

[16]

predicting number of
hospitalization days by using
data of health insurance claims

- bagged regression decision tree
 MATALAB

this kind of research help hospital to provide better
quality of care, lower the costs and well allocation
of hospital resources, but the use of more detailed
information about patient medical history will lead
to higher accuracy in the prediction especially with
the incompleteness and low data quality and missing
values in the insurance especially the clinical data
such as the codes of diagnoses

[35]

to predict the need to transfer a
stroke-in-patients to the
intensive care unit

- Artificial neural network(ANN),
- Logistic regression (LR),
- Support vector machine(SVM),
- Decision tree (DT)

This research had a contradictor results with many
other research by finding that the artificial neural
network algorithm has less accuracy in comparison
with other tested algorithms in this research. But to
approve this result there is a need to make the test
with larger and diverse amount of data

[17]

Predicting mortality rates in
the intensive care units

- Multi-layer neural network
- Cross validation,
- K-fold,
- Random sampling

The results were positive and this kind of research
encourage the healthcare organizations to use the
predictive models to enhance the quality of
healthcare and services provided to patients.

[36]

To predict the readmission of
patients with heart failure
based on a multiple model

- feature selection algorithms
- K-means clustering algorithm
- Classification algorithms: the
random forest and 10-fold cross
validation technique

In this research also, there is a confirmation through
the results that the multiple model lead to higher and
better predictive results which is consensus with the
results of many other research in predictive
analytics in healthcare

[1]
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ALGORITHMS AND TOOLS

COMMENTS

Developing a parallel
predictive modeling
(PARAMO) based on HER to
make the process of health data
simple and faster

- Classification algorithm: Random
Forest, Naïve Bayes, K-nearest
Neighbor, Logistic regression
 Map Reduce

This platform has been to allow the independent
tasks to work in parallel in a cluster computing
environment. the results of the research have shown
an important improvement of speed of research
workflow and reutilization of health information
compared to standard approaches of running
sequentially. The weakness in this research is their
focus on the scalability of PARAMO and the have
forget the quality and accuracy of predictions.
Moreover, the development of predictive models
based on EHR data have improve its success during
its application on several targets disease.

[37]

Developing predictive models
to define the factors affecting
the death anxiety.

support vector machine (SVM)
K- neural network,
Naïve- Bayes

the models were tested on the HER nursing system
and it results a high accuracy prediction which can
contribute to minimize the healthcare costs and
improving the quality of care and services

[38]

Indeed, from the table above we can see that the
previous research in predictive analytics use in healthcare
sector was focusing mainly in technical perspective and in
the development of algorithms and models to help to
overcome clinical challenges; chronic diseases; and
enhancing clinical decisions. Those researches have
shown that there is a consensus that the use of multiple
models or the integration of various algorithms together
can help significantly in improving the accuracy of
predictions. And, the right choice of the algorithm and of
the data to be used is also very important to get efficient
results with high accuracy. Moreover, the integration of
predictive analytics with other hospital systems improve
the results of predictions. Although, data quality and
availability still a challenge in predictive analytics
application where many studies show the issue of lack of
data and it’s not available to be able to test and train the
predictive models developed. In addition to problems in
data quality such as the incomplete data. Moreover, in
some cases the Unavailability of right data for the right
model to get right predictions affect the quality of results.
However, despite those challenges, predictive analytics
had proven its ability to bring many benefits to healthcare
by its use in solving medical problems such as reducing
costs, High quality of healthcare, better services, better
resource management and allocation, better clinical
decisions, saving people lives, and preventing diseases.
In addition to researches focusing on clinical
application of predictive analytics a research was handling
the costs and resource planning of healthcare sector. Thus,
it focuses on demand prediction to know the places that
need the healthcare services and include it in the future
plans which will organize the demand and supply of
healthcare services. While, the aim is to develop a model
to predict the demand for healthcare services in Emirate
especially Abu Dhabi. This is by combining four
predictive models which are known by its high accuracy
results K Nearest Neighbor (KNN), Naïve Bayes (NB)
algorithm, Support Vector Machine (SVM), and C4.5
algorithms which are an extension of ID3 of decision tree
algorithm. The tool of analysis used is WEKA due to its
great ability to process the used models. The results of this
research show a high demand on some places for the
healthcare services but this result is not sufficient and
accurate which require more research with more
descriptive attributes to enhance the accuracy of the
results [7].

REFERENCE

Indeed, this research give the ability to ministry of
health, and hospitals managers to be able to coordinate
together firstly to know more about the prioritization list
of places that need more healthcare services, secondly,
they can allocate the needed resources to be able to deliver
those services. In addition, they can use it to distribute and
manage hospitals staff depending on the priority of places
with high need of healthcare services. Thus, in this context
predictive analytics help managers in making right
decisions about the resources allocation and management
including the right distribution of workforce among
hospitals to ensure the delivery of high quality of
healthcare and services.

2.3. Decision Making
Helen, Paul and Douglas, [39] found in the use of
computerized decision support systems (CDS) an
opportunity for hospitals to solve their problems and to
increase and encourage the adoption of CDS in hospitals
by learning from the previous experiences in different
disciplines where the decision support design has features
such as the customizing interfaces for specific users and
roles, effective presentation of data, generating multiple
scenarios, allowing for contingent adaptations, facilitate
collaboration. Moreover (Helen W Wu., 2012) emphasize
on the importance of organizational culture and training in
the success of CDS implementation and found that the
best style of decision making is by combining the two
approaches of decision making which are rational analytic
and naturalistic -intuitive styles. The rational- analytic
style is based on data and models to make decisions its
usefulness is in the synthesize of big amounts of
information and reducing bias on the other hand
naturalistic-intuitive decisions are made based on human
experience.
Çağdaş, Raya, Sina, [40] argue that decision making in
health care can be considered complicated as it has two
sides a clinical and a nonclinical one, in addition the
decision must take into consideration multiple factors such
as patient treatment and cost, thus the pressure of decision
making is high on the healthcare managers due to the
necessity to make budgetary and operational decisions and
improving operational efficiency and eliminating
unimportant costs and maintain the quality of healthcare
provided to patient high. Çağdaş, Raya, Sina, [40]
highlight the factors that affect the decision-making
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process in healthcare organizations which are the
knowledge based decision making, informative decision
making, training, organizational factor, the usage of
specific models for decision making and decision
supporting tool have positive impact on decisions making
process, in addition to the decision maker capabilities,
financial resources, The timelines of decisions, the
delegation of decisions, and shared decision making
factors. Although, knowledge and evidence informed
decision making (EBDM) was the most cited factor to
influence the decision making
John, Immaculate, Hojops, Vincent, [41] study how
different management practices such as decision making,
process, communication, structure and management style
can affect the hospitals performance in the context of
Uganda healthcare and lead to better service delivery and
effectiveness in the organizational context. Actually,
John. B.K.., [41] consider that the decision making can be
improved by enhancing the structure of the organization
and hospital board size play role in its ability to make
important decisions, and minimizing the technical
complexities. Moreover, the decision making is affected
by the regulatory pressure. While, the hospital
performance has been defined in term of costs, bed
occupancy, rate of mortality, salary rates, growth,
accreditation, and resource acquisition. John. B.K.., [41]
show that more the decision making is better this will lead
to improve quality of outcomes and in turn will affect
positively and improve hospital performance.
In fact, the healthcare sector faces more challenges than
any other sector such as ensuring the patient access to
services and keeping a high quality of healthcare.
Although, the results at the end of research had shown that
the prime factor affecting hospital performance among
management practices and have the highest effect is the
communication and in the other hand the lower effect is
decision making which was explained by the fact that its
supported by the structure. Moreover, the key decisions do
not come from the hospital board rather from the ministry
and district authorities. However, for effective management

in hospitals this demand an efficient usage of funds, and
expert governing structures [41].
Indeed, making the right decision clinical or administrative
at the right time is not an easy task especially in healthcare
due to the complexity of structure, processes, and the role
of external authorities such as government and ministry.
Thus, taking decisions based on experience and intuitive
of decision makers is not sufficient especially with the
need to have rapid and effective decisions in hospitals for
this decision makers can use the analysis results of
analytic systems to take operational and strategic
decisions based on the meaningful information presented
by the analytic systems.

3. Research Theories
3.1. Review of Delone and Mclean IS Success
Model
Information system success was clearly defined as a
dependent variable in the model developed in 1992 by
W.H. DeLone, E.R. McLean, [42] who measured the
success of an information system based on six main
interdependent categories which are the system quality,
information quality, use, user satisfaction, individual
impact and organizational impact as shown in Figure 2
[42].
In this model system quality is categorized as taking
place on the technical level and is concerned with the
input in the system while information quality is semantic.
The rest of categories is to assess the effectiveness of the
system [43]. After 10 years DeLone and McLean
presented an updated model based in the changes of
information systems role and management. The figure
below shows the updated model which contain 6
categories. Quality have 3 main dimensions in the model
which are the information quality, service quality and
system quality where each dimension is measured
separately from the other [44].

Figure 2. DeLone and McLean IS success model [42]

Figure 3. Updated DeLone and McLean IS success model [44]
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This model is considered as one of the most famous and
used models for the measurement of IS success in
different industries such as e-commerce, e-learning [45],
e-government [46], and healthcare information systems
[46,47,48,49].
The main categories of the model are defined as [50]:
- System quality: is the system general performance
as seen by users. The main and useful measurement
features of an information system such as flexibility,
ease of use, reliability, ease of learning, and
response time.
- Information quality: the useful features of the
system outputs such as accuracy, completeness,
usability, conciseness, and timeliness.
- Service quality: the quality of assistance that the
users of the system get from the information support
personnel and IT assistant personnel such as
accuracy, technical competence, and responsiveness.
- Use: the level and way of using the capabilities of
the information system by the employees and
customers such as the purpose of usage, the
frequency, and the nature of use. Therefore, system
use is a suitable measure of success in many cases
and is an important variable to understand the
information system success.
- User satisfaction: the degree of satisfaction of users
with their interaction with an information system
[47]
- Net impacts (net benefits): the range to which
information systems are participating or not to the
success of individuals, groups, organizations, industries,
and nations. For instance, improving the productivity,
improving the decision making, increase the profits
and sales, and economic development.

3.2. Review of Expectation Confirmation
Theory
The expectation confirmation theory (ECT) or also
called expectation disconfirmation theory (EDT) was
initially developed by Oliver (1980) based on studies on
consumer behavior where the customer satisfaction is
specified by the confirmation/disconfirmation of
expectation. Thus, it is a theory used in the post adoption
of systems to assess the users’ satisfaction and
continuance intention by measuring the expectations and
perceived performance levels. The expectations are the
beliefs about what is intended and expected to happen in
the future. Whereas performance is the resulted efficiency
and effectiveness after completing a task. Those two
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factors affect level of satisfaction. This model suppose
that the consumer satisfaction come from a process of five
steps starting by having a primary expectation before
purchase, then accepting the service or product, after the
use and consumption of the product or service an
understanding of the performance will be formed. Later,
this understanding is compared with the primary
expectations, then the consumers will decide their
satisfaction or dissatisfaction based on the level of
disconfirmation/confirmation. At the end if customers are
not satisfied with service or product the will not use it again
in contrary if they are satisfied [51,52]. Figure 4 shows the
model of expectation confirmation/disconfirmation theory.
EDT/ ECT have been widely used in marketing to study
the consumer satisfaction of different services and
products. However, researchers in information systems
have also begun to use this theory to understand and
explain the satisfaction of information technology users.
Thus, in this context this theory describe how technology
satisfaction is formulated as users form primary
technology expectations, the use of the technology, and
make a comparison between the primary expectations and
the technology performance [53].

3.3. Research Model
Predictive analytics can be defined as the analysis of
past performance, structured and unstructured data by
using predictive models, to discover new patterns and
information to learn, to predict the future and make better
and preventive decisions. Thus, organizations use
predictive analytics to be able to make strategic business
decisions based on facts, patterns and accurate future
trends predicted with these systems with lower costs. In
healthcare sector organizations have start using predictive
analytics to discover trends, patterns and predictions that
help in improving the healthcare services. Even so, these
efforts in healthcare sector still immature in comparison to
the use of predictive analytics and its success in other
sectors [20]. Moreover, there is a lack of studies
investigating the success of predictive analytics use. In
addition to lack of models studying the effect of
successful use of predictive analytics for the improvement
of organizational decision making in hospitals. Therefore,
this research will focus on determining the factors
affecting the successful use of predictive analytics for
organizational decision making in hospitals by using two
theories which are the updated DeLone and McLean IS
success model and the expectation confirmation theory
(ECT). The research model is shown in Figure 5.

Figure 4. model of expectation confirmation theory [54]
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Figure 5. Research model describing the main variables for the successful use of predictive analytics for organizational decision making in hospitals

3.3.1. Overview of the Model
The research model of this study has been developed
based on two theories which are firstly the DeLone and
McLean IS success model to measure the success of
predictive analytics based on the interrelated categories of
the model. The second theory is the expectation confirmation
theory (ECT) for the use of predictive analytics systems
for organizational decision making and to understand and
explain the satisfaction of its users. In addition to those
theories additional variables have been added to the model
based on the literature review and previous models
which are: the regulatory pressure [41], financial resources
[40], and model quality [1,11,29,34,54].
3.3.2. Description of The Hypotheses
3.3.2.1. Use
Can be defined as the level and way of using the
predictive analytic systems by the employees and managers
in hospitals such as the purpose of usage, the frequency,
and the nature of use. Therefore, system use is a suitable
measure of success in many cases and is an important
variable to understand the predictive analytic system
success:
- Regulatory pressure: it plays a significant role
in the decision making in the hospitals. Moreover, it
affects the purpose and natures of usage of the
predictive analytic systems in healthcare.
- Financial resources: It affect the managers and
responsible decision making in healthcare and the
use of predictive analytic systems
- System quality: is the predictive analytic system
general performance as seen by users. The main and
useful measurement features of predictive analytic
system are flexibility, ease of use, reliability, ease
of learning, and response time. Moreover. The
predictive analytic system quality is affected by
many factors such as the communication between
team members, integration with other systems, and
decision maker capabilities.

-

Information quality: is the useful features of the
predictive analytic system outputs such as accuracy,
completeness, usability, conciseness, and timeliness
which affect the predictive analytic system usage.
- Service quality: the quality of assistance that the
users of the predictive analytic system get from the
information support personnel and IT assistant
personnel such as accuracy, technical competence,
and responsiveness.
- Model quality: It affect significantly the usage of
predictive analytic systems and is affected by some
factors such as the lack of input data, the variables
choice, data quality, and the team skills.
- Satisfaction: the degree of satisfaction of users
with their use of predictive analytic systems in
healthcare management and when the perceived
performance surpasses expectations, users will be
satisfied.
H1: There is a significant relationship between
regulatory pressure and use
H2: There is a significant relationship between
financial resources and use
H3: There is a significant relationship between system
quality and use
H4: There is a significant relationship between
information quality and use
H5: There is a significant relationship between service
quality and use
H6: There is a significant relationship between model
quality and use
H7: There is a significant relationship between
satisfaction and use
3.3.2.2. Confirmation
Confirmation is the evaluation of perceived
performance, according to one or more dimensions of
quality standards which are in this study system quality,
information quality, service quality, and model quality.
Confirmation can have a positive result, that usually
consequence in satisfaction, or a negative outcome,
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that usually consequence in dissatisfaction or with a
zero-effect result (Oliver 1980).
H8: There is a significant relationship between system
quality and (dis)confirmation
H9: There is a significant relationship between
information quality and (dis)confirmation
H10: There is a significant relationship between service
quality and (dis)confirmation
H11: There is a significant relationship between model
quality and (dis)confirmation
H12: There is a significant relationship between
expectation and (dis)confirmation
3.3.2.3. Satisfaction
Satisfaction is the degree of satisfaction of users with
their use of predictive analytic systems in healthcare
management and when the perceived performance
surpasses expectations, users will be satisfied.
H13: There is a significant relationship between
(dis)confirmation and satisfaction
PA BENEFITS

H14: There is a significant relationship between use
and satisfaction
3.3.2.4. Predictive analytics success use for
organizational decision making
Predictive analytics success use for organizational decision
making is the dependent variable and output of this study which
is affected by the usage of the system and users’ satisfaction.
H15: There is a significant relationship between use
and predictive analytics success use for organizational
decision making
H16: There is a significant relationship between satisfaction
and predictive analytics success use for organizational
decision making

4. Conclusion
The table below conclude the main benefits and
challenges facing the predictive analytics:

REFERENCES

-predictive analytics help organizations’ in predicting risk, tendency,
-in attaining better revenues by enhancing their key metrics
-making strategic corrections by making accurate predictions from
structured and unstructured information
-getting meaningful business information
-allow to have better revenues and outcomes in organizations
-taking better decisions
-to minimize the future medical cost
-help to provide in hospital a high level of healthcare and preventive
healthcare due to the early detection of risks
-possibility to take better actions and decisions
-to allow faster and better decision making by managers
-contribute in preventive healthcare
-it assists healthcare organizations to evaluate the situation of their
current services,
- determining the best clinical practices,
- reduce healthcare costs
-understand the future trends in healthcare
To decrease costs
minimize the healthcare costs and improving the quality of care and
services
resource allocation and management,
manage hospitals staff , distribution of workforce
- save and reduce many financial expenditures
-to take better decision
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PA CHALLENGES
-data quality
- Ethical and legal issues
- How to communicate the outcome
-some organizations still did not get
an important or the desired return on
investment from predictive analytics
projects
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The second table below conclude what are the main weaknesses in previous predictive analytics research and how it
can be improved.
WAYS FOR BETTER USE OF PA
- use of multi-algorithm which lead to results of with high accuracy [29]
the use of combination and integration of various models in a complex
predictive model which increase accuracy and decrease the biased
decisions [1,34,55].
- data quality play an important role in the accuracy of models results
[35].
-integration of PA with other organisatio sstems increase its benefits
- the right choice of the variables used in the model to get better quality in
the resulted predictions [4]

WEAKNESSES IN PREVIOUS PA RESEARCH
-the use of homogeneous data which lack of diversity, and the choice of
wrong data which is not suitable to solve a specific problem [30,31,35].
-The lack of input data to test and train model, lack of diversity and wrong
choice of the right data to tests the model [13]
- the wrong choice of tools [2]
- the right choice of the algorithm play a significant role in the results and
level of accuracy [3]
- amount of data available for testing model is limited and small which
decrease the accuracy and efficiency of results [14,15,16,17]
some cases the focus is only in the tactical and short-term decision
without investigating the use of predictive analytics to improve and make
strategic decisions [4]
the current use of predictive analytics models still divided and fragmented
into parts for each business unit [18]
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5. Future Work

[18] Michael Goul, Sule Balkan, Dan Dolk, (2015), “Predictive

Empirical study based on survey and interviews will be
conducted with IT managers, hospital mangers and IT
staff in hospitals to study the variables affecting the
successful use of predictive analytics and how it plays a
role in the improvement of organizational decision making.

[19]
[20]

[21]

References
[1]

[2]
[3]
[4]
[5]

[6]
[7]
[8]
[9]

[10]
[11]
[12]
[13]

[14]

[15]
[16]

[17]

Mohammad Pourhomayoun, Nabil Alshurafa, Bobak Mortazavi,
Hassan Ghasemzadeh, Konstantinos Sideris, Bahman Sadeghi,
Michael Ong, Lorraine Evangelista, Patrick Romano, Andrew
Auerbach, Asher Kimchi, Majid Sarrafzadeh, (2014), “Multiple
Model Analytics for Adverse Event Prediction in Remote Health
Monitoring Systems”, Health Innovations and Point-of-Care
Technologies Conference.
Saravana kumar, Eswari T, Sampath P, Lavanya, (2015),
“Predictive Methodology for Diabetic Data Analysis in Big Data”,
Procedia Computer Science 50.
Tapas Ranjan Baitharu, Subhendu Kumar Pani, (2016), "Analysis
of Data Mining Techniques For Healthcare Decision Support System
Using Liver Disorder Dataset”, Procedia Computer Science 85
Prasada Babu, S.Hanumanth Sastry, (2014), “Big Data and
Predictive Analytics in ERP Systems for Automating Decision
Making Process”, IEEE.
Meryem Ouahilal, Mohammed El Mohajir, Mohamed chahhou,
Badr Eddine El Mohajir, (2016), “A Comparative Study of
Predictive Algorithms for Business Analytics and Decision
Support systems: Finance as a Case Study”, IEEE.
Mohammad Ahmad Alkhatib, Amir Talaei-Khoei, Amir Hossein
Ghapanchi, (2015), “Analysis of Research in Healthcare Data
Analytics”, Australasian Conference on Information Systems.
Noura Al Nuaimi, (2014), “Data Mining Approaches for
Predicting Demand for Healthcare Services in Abu Dhabi”, IEEE.
N. Ayyanathan, and A. Kannammal, (2015), “Combined
forecasting and cognitive Decision Support System for Indian
green coffee supply chain predictive analytics”, IEEE.
Yichuan Wang, LeeAnn Kung, Terry Anthony Byrd, (2016), Big
data analytics: Understanding its capabilities and potential benefits
for healthcare organizations, Technological Forecasting & Social
Change 126, 3-13.
Gina Guillaume-Joseph, James S. Wasek, (2015), “Improving
Software Project Outcomes Through Predictive Analytics”, VOL.
43, NO. 3. IEEE engineering management review.
James Ogunleye, (2015). “Challenges in Operationalising
Predictive Analytics”. Research Papers on Knowledge, Innovation
And Enterprise, Volume 3, 2015, PP.69-79.
James Ogunleye, (2014), The Concepts of Predictive Analytics”.
International Journal of Knowledge, Innovation and
Entrepreneurship Volume 2 No. 2, pp. 82-90
Samir E AbdelRahman, Mingyuan Zhang, Bruce E Bray, Kensaku
Kawamoto, (2014), “A three-step approach for the derivation and
validation of high-performing predictive models using an
operational dataset: congestive heart failure readmission case
study”, BMC Medical Informatics and Decision Making.
Raid Lafta, Ji Zhang, Xiaohui Tao, Yan Li and Vincent S. Tseng,
(2015), “An Intelligent Recommender System based on Shortterm Risk Prediction for Heart Disease Patients”,
IEEE/WIC/ACM International Conference on Web Intelligence
and Intelligent Agent Technology.
Riad Alharbey, (2016), “Predictive Analytics Dashboard for
Monitoring Patients in Advanced Stages of COPD”, 49th Hawaii
International Conference on System Sciences.
Ali Azari, Vandana P. Janeja, Alex Mohseni, (2012), “Predicting
Hospital Length of Stay (PHLOS): A Multi-Tiered Data Mining
Approach”, IEEE 12th International Conference on Data Mining
Workshops.
Nawal N. Alotaibi, Sreela Sasi, (2015), "Predictive Model
for Transferring Stroke In-Patients to Intensive Care Unit”,
Conference on Computing and Network Communications.
IEEE.

[22]

[23]
[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]
[37]

Analytics-Driven Campaign Management Support Systems”,
Hawaii International Conference on System Sciences,
Abdul Rauf Baig, Hajira Jabeen, (2016), “Big data analytics for
behavior monitoring of students”, Procedia Computer Science.
Adam Westerskia, Rajaraman Kanagasabai, Jiayu Wong, and
Henry Chang, (2015), “Prediction of Enterprise Purchases using
Markov models in Procurement Analytics Applications”, Procedia
Computer Science.
Fangzhou Sun, Yao Pan, Jules White, Abhishek Dubey, (2016),
“Real-time and Predictive Analytics for Smart Public
Transportation Decision Support System”, IEEE.
Aly Megahed, Guang-Jie Ren, Michael Firth, (2015), “Modeling
Business Insights into Predictive Analytics for the Outcome of IT
Service Contracts”, IEEE International Conference on Services
Computing.
Hana Alharthi, (2018), Healthcare predictive analytics: An
overview with a focus on SaudiArabia, Journal of Infection and
Public Health.
Martin Aruldoss, Miranda Lakshmi Travis, V. Prasanna
Venkatesan, (2014), “A survey on recent research in business
intelligence”, Journal of Enterprise Information Management,
Vol.27 Iss 6 pp. 831-866.
Osama T. Ali, Ali Bou Nassif and Luiz Fernando Capretz, (2013),
Business Intelligence Solutions in Healthcare A Case Study:
Transforming OLTP system to BI Solution, Special SessionComputational Intelligence Applications in Software Engineering
(CIASE), Beirut,
Uthayasankar Sivarajah, Muhammad Mustafa Kamal, Zahir Irani,
Vishanth Weerakkody, (2017), Critical analysis of Big Data
challenges and analytical methods, Journal of Business Research
70, 263-286.
Hoda Moghimi, Stephen Vaughan, Steven McConche, Nilmini
Wickramasinghe, (2016), ”How Do Business Analytics and
Business Intelligence Contribute to Improving Care Efficiency?”,
49th Hawaii International Conference on System Sciences.
Lior Fink, Nir Yogev, and Adir Even. (2017). Business
intelligence and organizational learning: An empirical
investigation of value creation processes, Information &
Management 54, 38-56.
Kiyana Zolfaghar, Naren Meadem, Ankur, Brian Muckian, (2013),
“Big Data Solutions for Predicting Risk-of-Readmission for
Congestive Heart Failure Patients”, IEEE International Conference
on Big Data.
Issac Shams, Saeede Ajorlou, Kai Yang, (2014), “A predictive
analytics approach to reducing 30-day avoidable readmissions
among patients with heart failure, acute myocardial infarction,
pneumonia, or COPD”, Health Care Manag Sci.
Elizabeth M Hechenbleikner, Martin A Makary, Daniel V
Samarov, Jennifer L Bennett, Susan L Gearhart, Jonathan E Efron,
Elizabeth C Wick, (2013), “Hospital Readmission by Method of
Data Collection”.
Ravi S. Behra, Pranitha Pulumati, Ankur Agarwal, Ritesh Jain.
(2014), “Predictive Modeling for Wellness and Chronic
Conditions”, IEEE 14th International Conference on
Bioinformatics and Bioengineering.
Ali Azari, Vandana P. Janeja, Alex Mohseni, (2012), “Predicting
Hospital Length of Stay (PHLOS): A Multi-Tiered Data Mining
Approach”, IEEE 12th International Conference on Data Mining
Workshops.
Peter K Ghavami, Kailash C. Kapur, (2013), “The Application of
Multi-Model Ensemble Approach as a Prognostic Method to
Predict Patient Health Status”, CHEMIICAL ENGIINEERIING
TRANSACTIIONS, VOL. 33,
Yang Xie, Günter Schreier, David C.W. Chang, Sandra Neubauer,
Stephen J. Redmond, Nigel H. Lovell, (2014), “Predicting Number
of Hospitalization Days Based on Health Insurance Claims Data
using Bagged Regression Trees”, IEEE.
Yun Chen, Hui Yang, (2014), “Heterogeneous Postsurgical Data
Analytics for Predictive Modeling of Mortality Risks in Intensive
Care Units”, IEEE.
Kenney Ng, Amol Ghoting, Steven R. Steinhubl, Walter F.
Stewart, Bradley Malin, Jimeng Sun, (2014), “PARAMO: A
PARAllel predictive MOdeling platform for healthcare analytic
research using electronic health records”, Journal of Biomedical
Informatics.

American Journal of Information Systems
[38] Muhammad Kamran Lodhi, Rashid Ansari, Yingwei Yao, Gail M.

[39]

[40]

[41]

[42]
[43]

[44]

[45]

[46]
[47]

Keenan, Diana J. Wilkie, Ashfaq A. Khokhar, (2015), “Predictive
Modeling for Comfortable Death Outcome Using Electronic
Health Records”, IEEE International Congress on Big Data.
Helen W Wu, Paul K Davis and Douglas S Bell, (2012),
Advancing clinical decision support using lessons from outside of
healthcare: an interdisciplinary systematic review, Medical
Informatics and Decision Making.
Çağdaş Erkan Akyürek, Raya Sawalha, Sina Ide, (2015),
FACTORS AFFECTING THE DECISION MAKING PROCESS
IN HEALTHCARE INSTITUTIONS, Academy of Strategic
Management Journal, Volume 14, Special Isuue.
John Bosco Kakooza, Immaculate Tusiime, Hojops Odoch,
Vincent Bagire, (2015), Management Practices and Performance
of Public hospitals in Uganda, International Journal of
Management Science and Business Administration, Volume 1,
Issue 7, June 2015, Pages 22-29.
William H. DeLone, Ephraim R. McLean, (1992), Information
Systems Success: The Quest for the Dependent Variable, The
Inslilulc of Management Stienees, Information Systems Research 3: I.
Rikke Gaardboe, Tom Nyvang, Niels Sandalgaard, (2017), Business
Intelligence Success applied to Healthcare Information Systems,
International Conference on enterprise Information Systems/proj
Man - International Conference on Project management / HCist International Conference on Health and Social Care Information
Systems and Technologies., Procedia Computer Science 121.
483-490.
William H. DeLone, Ephraim R. McLean, (2003), The DeLone
and McLean Model of Information Systems Success: A Ten-Year
Update, Journal of management information systems, Vol. 19. No.
4, pp. 9-30.
Alia Sabri, (2014), Applying DeLone and McLean IS success
model on sociotechno Knowledge Management System, IJCSI
International Journal of Computer Science Issues, Volume 11,
Issue 6, No 2.
Adebowale I. Ojo, (2017), Validation of the DeLone and McLean
Information Systems Success Model, Healthc Inform Res; vol
23(1): 60-66.
Yu P, Qian S (2018). Developing a theoretical model and
questionnaire survey instrument to measure the success of

[48]

[49]

[50]
[51]

[52]

[53]

[54]
[55]

17

electronic health records in residential aged care. PLoS ONE 13(1):
e0190749.
Roslina Ibrahim, Boby Auliaputra, Rasimah C.M. Yusoff,
Nurazean Maarop, Norziha M. M. Zainuddin, Rokiah Bahari,
(2016), Measuring the Success of Healthcare Information System
in Malaysia: A Case Study, IOSR Journal of Business
and Management (IOSR-JBM), Volume 18, Issue 4 .Ver. II,
PP 100-106.
Dua’ Abdellatef. Nassar, Marini Othman, Jamal A. Hayajneh,
Nor'ashikin Ali. (2015). An Integrated Success Model for an
Electronic Health Record: A case study of Hakeem Jordan, 2nd
GLOBAL CONFERENCE on BUSINESS, ECONOMICS,
MANAGEMENT and TOURISM, Prague, Czech Republic,
Procedia Economics and Finance 23, 95-103.
W. H. DeLone and E. R. McLean. (2016). Information Systems
Success Measurement. Foundations and Trends R in Information
Systems, vol. 2, no. 1, pp. 1-116.
Aslina Baharum, and Azizah Jaafar. (2015). USER INTERFACE
DESIGN: A STUDY OF EXPECTATIONCONFIRMATION
THEORY, Proceedings of the 5th International Conference on
Computing and Informatics, ICOCI, Paper No. 064.
Fernando A.de Melo Pereira, Adrianne P.V. de Andrade, Bruna M.
K. de Oliveira, (2015), USE OF VIRTUAL LEARNING
ENVIRONMENTS: A THEORETICAL MODEL USING
DECOMPOSED
EXPECTANCY
DISCONFIRMATION
THEORY, JISTEM - Journal of Information Systems and
Technology Management, Revista de Gestão da Tecnologia e
Sistemas de Informação Vol. 12, No. 2, pp. 333-350.
Nancy K. Lankton, Harrison D. McKnight. (2012). Examining
Two Expectation Disconfirmation Theory Models: Assimilation
and Asymmetry Effects, Journal of the association for information
systems JAIS, Volume 13, Issue 2, pp. 88-115.
James J. Jiang, Gary Klein. (2009). Expectation-Confirmation
Theory: Capitalizing on Descriptive Power. IGI Global.
Alexey V. Krikunov, Ekaterina V. Bolgova, Evgeniy Krotov,
Tesfamariam M. Abuhay, Alexey N. Yakovlev, Sergey V.
Kovalchuk, (2016), “Complex data-driven predictive modeling in
personalized clinical decision support for Acute Coronary
Syndrome episodes”, The International Conference on
Computational Science ,Volume 80. Pages 518-529.

© The Author(s) 2019. This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).

