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Abstract 
There is an emerging use of analytics and big data to address major challenges and solve complex problems across the 
health care system. Analytics involves extensive and sophisticated use of data to describe, predict, prescribe, and compare 
data that drives decision making with the goal of improving results. The Patient Protection and Affordable Care Act 
coupled with collaboration among public and private organizations are driving the need for analytical data with the aim of 
improving the quality of health care and reducing costs to the consumer. The use of an analytical clinical decision 
framework is provided to assist members of the interprofessional health care team when making decisions at the point of 
care. The four major types of analytics are discussed and illustrate various applications within health care. The use of 
analytics promotes clinical practice that applies a data driven approach to delivering patient care services. The ability to 
embed analytics into clinical practice improves workflow, enhances decision making, increases productivity, reduces 
overall costs, and fosters optimal patient outcomes.    
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1 Introduction  
There is a growing body of literature focused on the use of analytics and big data to tackle major challenges and solve 

complex problems in business and industry. The health care industry today-like nearly every other industry‒ has had to 
become focused on doing the most with their resources. The budgets of health care organizations have been trimmed, 
employees have been asked to take on more, and no longer can organizations waste resources. According to Sultz and 
Young [1] “studies indicate that 30%-40% of U.S. health spending is ‘waste’ in that it provides services of no discernible 
value and inefficiently produces valuable services”.  

The health care professional who has knowledge of how to use analytics in clinical practice is integral to reducing costs 
and improving the quality of patient outcomes. The primary purpose of this article is to provide a framework that can be 
used for making clinical decisions using analytical data. An overview of the four major types of analytics and examples 
from the literature are provided to illustrate the use of analytics across various health care settings.  
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2 Overview and significance of analytics 
According to Davenport and Harris [2] analytics involves “the extensive use of data, statistical and quantitative analysis, 

explanatory and predictive models, and fact-based management to drive decisions”. Analytics have been used in the 

business sector and across industries, such as telecommunications, retail, pharmaceuticals, and consumer products over 

the past two decades. Analytics are often referred to as a subset of what is commonly known as business intelligence, 

which are processes that use data to understand and analyze business performance. Unlike standard reports and alerts, 

analytics uses tools to forecast, predict, and analyze patterns or trends to prevent problems and promote early action.       

According to Mayer-Schoenberger and Cukier [3] analytics are also referred to as big data, which focuses on “an 

understanding of the relationships within and among the various pieces of information. Big data has large scale 

implications and is often used to extract new insights or create new forms of values from existing data, in ways that change 

markets, organizations, and the relationship between citizens and governments”. Big data analytics helps an organization 

to differentiate itself from the competition, build capacity in the marketplace, gain a competitive advantage, and balance 

risk with the price of goods and services. Analytical data supports a health care system by promoting real time point of care 

clinical practice.  The ability to embed analytics into daily processes and workflow accelerates decision making, increases 

productivity, reduces overall costs, and promotes a culture of quality improvement [4].       

The transformation from a service-and volume-based to a performance-and value-based health care industry is underway. 

Organizations that do not successfully make this transition will receive financial penalties and a reduction in 

reimbursement for services. For example, the Centers for Medicare Services initiated value-based purchasing in 2003 with 

the intent of providing “incentives to discourage inappropriate, unnecessary, and costly care” [1]. Furthermore, due to 

requirements set forth by the Patient Protection and Affordable Care Act [5], the “value-based purchasing program has 

expanded to over 3000 acute care Medicare participating hospitals, enabling them to earn incentive payments based on 

clinical outcomes and patient satisfaction”. These changes require informed data-driven decisions that result in improved 

outcomes, new insights, and innovations in clinical practice.  

Analytics provides the interprofessional health care team with the capacity to “track and measure real time results in 

patient diagnoses and outcomes and integrate qualitative and quantitative patient reports that provide a multi-view 

approach to managing, treating, and caring for patient populations” [6]. For example, advanced analytical tools may “detect 

the diabetic patients with the highest probability of hospitalization in the following year based on age, coexisting chronic 

illness, medication adherence, and past patterns of care” [7]. 

The volume and complexity of health information data is growing exponentially. Large and diverse forms of clinical, 

financial, operational, behavioral, and social data require the ability to develop new competencies in decision support [8]. 

The ever expanding digital universe that lies ahead provides us with opportunities to apply analytics with the goal of 

improving health care outcomes and drive widespread systematic changes in clinical practice. Integrating analytics into 

clinical practice is where the value lies. The ability to view the results of patient scenarios, manipulate analytical models, 

and “make decisions based on analytical insights” at the point of care changes the way in which we view clinical  

practice [8].  

The advancement of analytics as a way to improve patient outcomes, promote health and safety, and foster data driven 

decision making positively impacts the way we practice. For example, Figure 1 illustrates how analytical tools and 

capabilities can be used to inform members of the interprofessional health care team. Access to data, evidence, 

professional standards, analytical scenarios, and predictive models contribute to clinical insights and innovations in 

practice. In addition, an educator can readily develop standardized patient and simulation scenarios that incorporate the 

use of analytical data that assists with improving clinical decision making.    
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what kind of information is being collected from various clinical systems. Also, concerns may be related to the 
accessibility of data and how it is being analyzed and shared among members of the health care team. These concerns 
coupled with the “need for a balance between the need for privacy [and confidentiality] with the need to have enough 
information to make meaningful” decisions has resulted in implementation issues [11].     

The increase in available data and information coupled with accessible portable devices are contributing to a more 
sophisticated consumer of health care services. Health care will continue to be shaped by the needs, wants, and preferences 
of consumers. The health care consumer is more analytic, comfortable with statistical data, and increasingly connected 
through social media. Therefore, services will be selected by consumers based on the value it provides to meet their 
personal health care needs now and into the future.   

4 Types of analytics 
There are four major types of analytics (descriptive, predictive, prescriptive, and comparative) that can be used to advance 
the development of organizational capacity and enhance decisions made by members of the health care team. Descriptive 
analytics use data mining to examine and analyze past events with the goal of revealing what did and did not work in the 
past. Predictive analytics identifies trends and patterns that can be transformed into meaningful action focused on 
prevention and improved patient outcomes. Prescriptive analytics goes beyond when an event will happen to why it will 
happen. Rather, prescriptive analytics suggests multiple courses of actions and their corresponding implications for patient 
outcomes. Comparative analytics are used to compare actual with expected performance outcomes through the use of 
metrics and national benchmarks. Knowledge of the major types of analytics equips the user with the tools necessary to 
analyze volumes of data, gain information and meaningful insights, and provide care focused on achieving optimal health 
care outcomes. Figure 2 provides a brief overview of the major types of analytics and how they can be applied to clinical 
practice.    

 

Figure 2. Four major types of analytics 
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4.1 Descriptive analytics 
Descriptive analytics involves collecting, tabulating, and mining historical data with the intent of describing the major 
characteristics of the population being studied. Typically, large amounts of data are examined through the lens of what 
went wrong, whether or not the expected outcomes were met, and how to approach the future. This accounts for the biggest 
amount of data across all industries and tends to be more retrospective in nature.  

For example, the use of descriptive analytics would be appropriate to examine historical usage data of block-scheduling 
for surgical procedures in hospital operating rooms. Data on types, frequency, and length of procedures; physician 
availability and preferences; shift lengths; and functionality of rooms would provide valuable information on overall 
utilization rates. Romanyuk and Silva [12] conducted a study using descriptive analytics to evaluate the efficiency of an 
operating room schedule. Initial analysis of descriptive historical data indicated that the operating rooms were used only 
64.6% of the total available time. As a result, a new dynamic scheduling model emerged with the intent to improve overall 
utilization of the operating rooms, reduce patient wait time, and reduce hospital and patient costs.   

4.2 Predictive analytics 
Predictive analytics digs deeper into the data to identify patterns and transform them into meaningful information. This 
type of analytics uses technology such as modeling that “learns from experience (data) to predict the future behavior of 
individuals in order to drive better decisions” [13]. Predictive analytics determine the likelihood of occurrences and 
probable outcomes in an effort to prevent adverse events in the future. As a result, the practitioner is equipped with the 
tools to make timely evidence-based decisions; streamline operations and processes; and minimize risk to patients [14].   

Predictive analytics are being implemented as a result of the Affordable Care Act [5] which went into effect on October 1, 
2012. Section 3025 of the Affordable Care Act added section 1886(q) to the Social Security Act which established the 
Hospital Readmissions Reduction Program. This program requires the Centers for Medicare and Medicaid Services to 
reduce payments to hospitals that contract with Medicare to provide acute hospital inpatient care and agree to accept 
predetermined acute Inpatient Prospective Payment System (IPPS) rates in full. As a result of the “Hospital Readmissions 
Reduction Program [15], more than 2000 hospitals have demonstrated above-average 30-day post-discharge patient 
readmission rates and were penalized up to one percent of their Medicare reimbursement in 2012, resulting in a total 
penalty of $280 million” [14]. The implementation of this new program in concert with the Patient Protection and 
Affordable Care Act is changing the current pattern of hospital readmission. 

According to the U.S. Department of Health and Human Services [5] “the all-cause 30-day hospital readmission rate among 
Medicare fee-for-service beneficiaries plummeted from 19 to 19.5 percent in 2011 to 17.5 percent in 2013, which resulted 
in an estimated 150.000 fewer hospital readmissions between January 2012 and December 2013”. Predictive analytics 
anticipate the likelihood of hospital readmission, mitigates risk, and thus, helps health care organizations avoid or reduce 
future penalties. The use of predictive analytics during the discharge planning process provide “clinical, demographic, and 
socioeconomic data, as well as large-scale databases which generates predictive models that identify patients that are at the 
highest risk for readmission” [3]. Predictive analytics reveal “correlations among patient accounts, charges, and clinical 
data elements that determine the attributes that result in the likelihood of readmission versus attributes that will not likely 
lead to readmission” [16]. With this data in hand, immediate action can be taken while the patient is in the hospital. Thus, 
post-discharge plans can be modified to prevent a hospital readmission and ensure successful transitions of care.     

Today, the emphasis is on working in collaboration with patients and members of the interprofessional health care team to 
better manage chronic conditions, predict potential problems, and prevent the occurrence of disease. The reasons for this 
shift are substantiated by examples such as, according to the Centers for Disease Control and Prevention [17] chronic 
diseases are the leading cause of death and disability in the U.S. In 2010, the Robert Wood Johnson Foundation [18] 
reported that 84% of all health care spending in 2006 was for the 50% of the population who have chronic health 
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conditions. Forty-five percent of Americans (133 million) have at least one chronic condition and they are responsible for 
seven out of 10 deaths in the U.S. killing more than 1.7 million Americans each year [17, 18]. 

Interrelated health conditions such as heart disease, diabetes, and obesity require highly coordinated and integrated 
treatment. The ability to treat and care for patients with such complex health care conditions necessitates the ability to use 
data from multiple sources. Predictive analytical models and metrics facilitate the gathering of information about trends, 
patterns, deviations, and interrelationships that foster clinical insight and innovation into the prevention and management 
of chronic health conditions across patient populations. 

4.3 Prescriptive analytics 
Prescriptive analytics provides “decision makers with sophisticated alternatives (insights created with speed, scale, 
currency, breadth, and depth) to be able to influence optimal future outcomes” [19]. The explosion of structured and 
unstructured clinical data has led to the need for advanced techniques that take full advantage of the vast amounts of data 
that facilitate planning for the future. Health care organizations are gradually transforming their core decision processes 
through the application of prescriptive analytics across a broad range of clinical, financial, and business functions. They 
automatically capture and synthesize data through warehousing, repositories, and data marts.  

Prescriptive analytics uses sophisticated mathematical and statistical tools that continuously synthesize both structured 
and unstructured data. The value of prescriptive analytics is that it offers real time decision making models designed to 
improve the effectiveness of health care services with no additional data analysis by the user. For example, prescriptive 
analytics provides the clinician with the ability to focus like a laser beam on why the outcome will happen and how it is 
tied to each decision. Linking data and performance measures with core competencies such as Quality and Safety 
Education for Nurses (QSEN) leads to better decisions and innovation in nursing education and practice [20]. Thus, 
decisions occur in the context of a full range of potential health outcomes, future risks to the patient, and the long-term 
implications of each decision option.  

The National Health Care Disparities Report [21] tracks health care quality and disparities across the nation.  This report 
calls for our nation to “improve access to care, reduce disparities, and accelerate the pace of quality improvement, 
especially in the areas of preventive care and chronic disease management. Data on often overlooked small population 
subgroups need to be gathered, and the burden of measurement needs to be minimized. Information needs to be 
disseminated more quickly to partners who have the skills and commitment to change health care”. In addition, the 
Partnership for Patients launched in April 2011 as well as the development of national indicator datasets among several 
public and private organizations addresses the incidence of hospital-acquired conditions (HAC). For example, preliminary 
large-scale data “compiled by the Agency for Healthcare Research and Quality indicates that the HAC rate declined by 
nine percent from the 2010 level. This corresponds to a reduction in the measured harm rate from 145 harms per 1000 
discharges in 2010 to 132 harms per 1000 discharges in 2012” [21]. Thus, the continued use of sophisticated health care data 
and metrics analyzed in a prescriptive manner provides valuable solutions that address health care disparities across the 
U.S.  

4.4 Comparative analytics 
Comparative analytics uses business intelligence to compare data among peers based on established metrics and 
benchmarks. Timely data provides accurate comparisons of actual patient outcomes against expected standards of care or 
outcomes. Thus, decisions can be made to correct or modify a treatment plan or course of action. The capability to use real 
time benchmark data against peer indicators for clinical and administrative performance contributes to improved patient 
outcomes as well as eliminates unnecessary services. As with most health conditions, it is difficult to measure and 
consistently compare results across hospitals and health care systems. For example, determinants such as age, severity of 
illness, comorbid conditions, and treatment preferences are key factors but typically are outside of the influence of the 
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health care provider. However, factors that are modifiable include the relationship between providers that coexist within a 
select population or community and whether or not treatments for health conditions are readily available [22].     

The Joint Commission [23] has been leading the way in the area of performance management for decades. The data 
collected by the Joint Commission is fostering the use of comparative analytics. For example, data that is made available 
on the Centers for Medicare & Medicaid Services’ Hospital Compare website reflects measures that they have in common. 
“A significant percentage of that data comes from The Joint Commission via its well-established performance measure 
data network which is comprised of approximately 39 measurement systems” [23]. The various uses of comparative 
analytics to improve patient care outcomes are evident in Improving America’s Hospitals: The Joint Commission’s Annual 
Report on Quality and Safety [23] which “presents the overall performance of Joint Commission accredited hospitals on 
quality of care core measures relating to heart attack, heart failure, pneumonia, surgery, children’s asthma, inpatient 
psychiatric services, venous thromboembolism (VTE), stroke, perinatal care, and immunizations”. These key measures 
were selected because “they provide concrete data about the best kinds of treatments or practices for common conditions 
for which Americans enter the hospital and seek care” [23]. The results indicate that hospitals are making steady 
improvement from year to year. In addition, the composite results clearly identify potential opportunities for improvement 
and substantiate the value of comparative measurement systems.  

A consensus statement published in 2014 for Healthcare Professionals from the American Heart Association and 
American Stroke Association [22] entitled “Risk Adjustment of Ischemic Stroke Outcomes for Comparing Hospital 
Performance” which evaluated hospital performance in providing ischemic stroke care and risk-adjusted comparisons to 
assess the quality of stroke care across different hospitals illustrates the value and long term potential of comparative 
analytics [22]. The research conducted to develop the consensus statement concluded that premorbid functioning and stroke 
severity are not collected in a uniform fashion in patients with stroke. Furthermore, risk-adjustment models of functional 
status after ischemic stroke should be standardized across health care providers so that they are reliable and accurate [22]. 
This consensus statement provides an opportunity to incorporate the use of comparative analytical data in curricula and 
professional continuing education in order to improve the identification of patients at risk for an ischemic stroke based on 
premorbid functional status.   

5 Conclusion   
The health care system will continue to require accessible analytical data to drive informed clinical, financial, and business 
decisions. Analytical decisions are the “intersection of individual and organizational capabilities” [24]. Analytics in clinical 
practice has the long-term potential to improve patient outcomes, promote health and safety, mitigate risk, reduce costs, 
address health care disparities, and promote disease prevention. Clinical decisions that are based on analytical data will 
benefit the individuals, families, and communities that are served by the interprofessional health care team.   
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