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Preface

Why write a book on healthcare analytics that focuses on quality and per-
formance improvement? Why not focus instead on how healthcare informa-
tion technology (HIT) and “big data” are revolutionizing healthcare, how
quality improvement (QD methodologies such as Lean and Six Sigma are
transforming poorly performing healthcare organizations (HCOs) into best-
in-class facilities, or how leadership and vision are the necessary driving
factors behind innovation and excellence within HCOs?

The truth is, this book is about all these things. Or, more accurately, this
book is about how healthcare organizations need to capitalize on HIT, data
from source systems, proven QI methodologies, and a spirit of innovation
to achieve the transformation they require. All of these factors are necessary
to achieve quality and performance improvement within modern healthcare
organizations. However, the professionals working in healthcare IT, qual-
ity improvement, management, and on the front lines all speak different
languages and see the world from different perspectives—technology, data,
leadership, and QI. This gap (a chasm, really) prevents these professionals
from effectively working together and limits their capability to perform
effective quality and performance improvement activities. This may in fact
be lowering the quality of care and decreasing patient safety at a time when
doing the opposite is critical.

This book demonstrates how the clinical, business, quality improve-
ment, and technology professionals within HCOs can and must collaborate.
After all, these diverse professional groups within healthcare are work-
ing together to achieve the same goal: safe, effective, and efficient patient
care. Successful quality improvement requires collaboration between these
different stakeholders and professional groups; this book provides the
common ground of shared knowledge and resources necessary for QI, IT,
leadership, and clinical staff to become better coordinated, more integrated,
and to work together more effectively to leverage analytics for healthcare
transformation.
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In this book, I hope to demonstrate that analytics, above all, can and
must be made accessible throughout the entire HCO in order for the insight
and information possible through analytics to actually get used where it is
needed. T attempt to dispel the myth that only a select few can be qualified
to be working with the data of an HCO. Although the process of generat-
ing insight through analytics requires some statistics and mathematics, the
output or result of analytics must make intuitive sense to all members of the
healthcare team. In my experience, if the information and insight produced
by business intelligence and analytics is too complex to understand for all
but the team that generated it, then that information will contribute very
little to healthcare improvement.

In keeping with the theme of accessibility, T have attempted to keep
this book very accessible to readers with various backgrounds and experi-
ence. The book covers a wide range of topics spanning the information
value chain, from information creation and management through to analy-
sis, sharing, and use. As such, it cannot cover each of the topics completely
and in depth. But it does cover the areas that I believe are vital in a quality
improvement environment driven by analytics. If you work in the area of
health IT, data management, or QI, I have attempted to connect the dots
in how your professional discipline fits in with the others. T hope that this
book can thereby enable technical, analytical, QI, executive, and clinical
members of the healthcare team to communicate clearly, better understand
one another’s needs, and jointly collaborate to improve the efficiency, effec-
tiveness, and quality of healthcare.

I do admit my bias toward the acute-care setting, and emergency
departments in particular. The vast majority of my career has been within
acute care and emergency, and the writing and examples in this book defi-
nitely reflect that bias—although I have tried not to make every example
an emergency department example! The basic concepts of quality, value,
performance, and analytics will translate well to almost any setting, whether
it is medicine, surgery, home care, or primary care.

In my opinion, the real value of analytics occurs when the insight gen-
erated through analytical tools and techniques can be used directly by qual-
ity improvement teams, frontline staff, and other healthcare professionals to
improve the quality and efficiency of patient care. To some, this may not
be the most glamorous application of analytics, but it is the most important.

Book Overview

After a discussion of the escalating inefficiencies and costs of healthcare
(Chapter 1), a high-level overview of the various components of an effec-
tive analytics system within an HCO is covered in Chapter 2. Because of the
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need for strong alignment between the quality and process improvement
goals of the organization, the various demands facing healthcare IT depart-
ments, and the balancing that analytics must do between these competing
interests, Chapter 3 provides an overview of an effective analytics strategy
framework that HCOs can use to keep their focus on efforts that achieve the
desired improvement results of the organization. Chapter 4 is an overview
of the concepts of quality and value, and how these are measured within
an HCO. Three quality improvement methodologies (PDSA, Lean, and Six
Sigma) are discussed in Chapter 4 as well, and how analytics can provide
support to these various types of initiatives.

Chapters 5, 6, and 7 focus on data. Chapter 5 is an overview of data
quality and data management, and how to ensure that analytics profession-
als and stakeholders have access to the high-quality data they need in order
to provide information and insight to the organization. Chapter 6 discusses
the different types of data, important methods of summarizing and under-
standing data, and how data type affects the kind of analysis that is possible.
Chapter 7 provides tips on how to convert data into metrics and indicators
that provide the HCO with a much clearer lens through which to monitor
and evaluate performance and quality.

Chapter 8 is about how to meld analytics and quality improvement
activities so that QI teams can benefit from the insight and information
available throughout all phases of QI projects, regardless of the QI method-
ology that is chosen. Chapter 9 highlights several of the key statistical and
graphical methods for monitoring performance and detecting when in fact a
true change in performance or quality has occurred. Chapter 10 talks about
usability of analytics from an access and presentation point of view. The
advanced analytics discussed in Chapter 11 includes tools such as regres-
sion and machine-learning approaches that can be used to identify patterns
in healthcare data and predict likely outcomes.

Finally, Chapter 12 discusses achieving analytics excellence within an
HCO, including the types of leadership and management required within
an HCO to ensure that data and privacy are held secure and that analytics
is used appropriately and to its maximum effectiveness.
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CHAPTER {

Toward Healthcare
Improvement Using Analytics

Innovation is anything but business as usual.

—Anonymous

How sustainable is healthcare in its current state? Most healthcare organiza-
tions (HCOs) claim to be undertaking quality improvement (QD) initiatives,
but only a few are consistently improving the quality of healthcare in a
sustainable fashion. Despite increased spending on healthcare in the United
States, there is little evidence that the quality of healthcare can be improved
by increasing spending alone. Health information systems is one technology
with the potential to transform healthcare because, among its many capabil-
ities, it can deliver the best evidence to the point of care, employs intelligent
algorithms to reduce and prevent medical mistakes, and collects detailed
information about every patient encounter. Even with growing volumes of
data to analyze resulting from the continuing proliferation of computer sys-
tems, HCOs are struggling to become or remain competitive, highly func-
tioning enterprises. This chapter will highlight current challenges and pres-
sures facing the healthcare system, identify opportunities for transformation,
and discuss the important role that analytics has in driving innovation and
achieving healthcare transformation goals.

Healthcare Transformation—Challenges
and Opportunities

Healthcare delivery is undergoing a radical transformation. This is occur-
ring as the result of both necessity and opportunity. Change is necessary
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because, in many ways, the provision of healthcare is less efficient, less
safe, and less sustainable than in the past. The opportunity, however,
arises from the advancement of technology and its impact on healthcare
delivery. Technology now allows increasingly intelligent medical devices
and information systems to aid in clinical decision making, healthcare
management, and administration. The challenge facing HCOs is to lever-
age advances in both clinical device technology and information tech-
nology (IT) to create and sustain improvements in quality, performance,
safety, and efficiency.

Data generated via healthcare information technology (HIT) can help
organizations gain significantly deeper insight into their performance than
previous technologies (or lack of technology) allowed. HCOs, however,
face the very real risk of information overload as nearly every aspect of
healthcare becomes in some way computerized and subsequently data-
generating. For example, radio frequency identification (RFID) devices can
report the location of every patient, staff member, and piece of equipment
within a facility; sampled every second, the location data captured from
these devices accumulates quickly. Portable diagnostic equipment now cap-
tures and stores important patient clinical data, such as vital signs, and can
forward that data to electronic medical records (EMRs) or other computer-
ized data stores. Similarly, devices with embedded “labs on a chip” can
now perform point-of-care testing for many blood-detectable diseases, and
generate enormous volumes of data while doing so.

HCOs must find a way to harness the data at their disposal and take
advantage of it to improve clinical and organizational performance. Data
analytics is critical to gaining knowledge, insight, and actionable infor-
mation from these organizations’ health data repositories. Analytics con-
sists of the tools and techniques to explore, analyze, and extract value
and insight from healthcare data. Without analytics, the information and
insight potentially contained within HCOs’ databases would be exceed-
ingly difficult to obtain, share, and apply.

But insight without action does not lead to change; data overload can
risk impeding, not improving, the decision-making ability of healthcare
leaders, managers, and QI teams. In my experience, the true potential of
analytics is realized only when analytics tools and techniques are combined
with and integrated into a rigorous, structured QI framework. This power-
ful combination helps to maintain the focus of QI and management teams
on achieving the quality and business goals of an organization. Analytics
can also be used to explore the available data and possibly identify new
opportunities for improvement or suggest innovative ways to address old
challenges. When an HCO uses analytics to focus improvement efforts on
existing goals and to identify new improvement opportunities, healthcare
can become more effective, efficient, safe, and sustainable.



The Current State of Healthcare Costs and Quality 3

The Current State of Healthcare Costs and Quality

A discussion on the topic of healthcare analytics must first begin with a discus-
sion of healthcare quality. This is because analytics in healthcare exists for the
purpose of improving the safety, efficiency, and effectiveness of healthcare deliv-
ery. Looking at the current and emerging challenges facing healthcare the way
we looked at problems in the past can and will only result in more of the same.
And it seems that many people, from healthcare providers who are overworked
to patients who must endure unacceptably long waiting lists for relatively com-
mon procedures, are extremely dissatisfied with the way things are now.

Despite the seemingly miraculous capabilities of the healthcare system to
maintain the health of, and in many cases save the lives of, patients, the sys-
tem itself is far from infallible. The question of how safe is healthcare delivery
must continually be asked. The often-cited Institute of Medicine (IoM) report
To Err Is Human: Building a Safer Health System declares that a “substantial
body of evidence points to medical errors as a leading cause of death and
injury.”! The report cites two studies that estimate between 44,000 and 98,000
patients die every year in hospitals because of medical errors that could have
been prevented. These are people who expected the healthcare system to
make them well again or keep them healthy and were horribly let down.

According to the ToM report, the types of errors that commonly occur in
hospitals include “adverse drug events and improper transfusions, surgical
injuries and wrong-site surgery, suicides, restraint-related injuries or death,
falls, burns, pressure ulcers, and mistaken patient identities.” Not surprisingly,
emergency departments, operating rooms, and intensive care units experi-
ence the highest error rates and those with the most serious consequences.

Not only do hospital errors result in a staggering yet largely prevent-
able human toll, but they result in a tremendous financial burden as well.
It is estimated that the cost to society of these preventable errors ranges
between $17 billion and $29 billon in both direct and indirect financial
costs. Of course, the majority of these errors are not caused by deliberate
malpractice, recklessness, or negligence on the part of healthcare providers.
Rather, according to the IoM report, the most common causes of healthcare
errors are “due to the convergence of multiple contributing factors” and that
“the problem is the system needs to be made safer.”?

In the near decade and a half that has passed since the release of the
1999 Institute of Medicine report, most of its findings are as relevant today
as they were in 1999. Despite dramatic innovations in biomedicine and
healthcare technology since the IoM report, many HCOs today still find
themselves under immense pressures, some of which include:

= Improving quality and patient safety
= Ensuring patient satisfaction
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= Adapting to changes in legislation and regulations
= Adopting new technologies

= Demonstrating improved patient outcomes

= Remaining sustainable and competitive

The challenge facing HCOs today is to balance the need to innovate by
adopting new technologies and improving processes while providing the
essentials of safe, efficient, and effective patient care. While these two needs
are complementary, with improved patient care as the ultimate goal, they
both require financial, human, and technical resources that are drawn from
a limited, and in some cases shrinking, resource pool.

The Cost of Healthcare

HCOs must endeavor to reduce unnecessary deaths, injuries, and other
hardships related to medical errors and other issues stemming from sub-
standard quality. But given that the cost of healthcare delivery seems to be
increasing unabatedly, could healthcare be at risk of becoming unsustain-
able in its current form? Direct and indirect costs attributed to healthcare
represent a significant and increasing burden on the economies of coun-
tries providing modern healthcare, and may not be sustainable at current
growth rates.

Figure 1.1 illustrates the immense cost of healthcare by showing
the percentage of healthcare expenditures as a proportion of the gross
domestic product (GDP) of selected countries.? Of the countries in Fig-
ure 1.1, total health expenditure as a share of GDP ranges from 2.4
percent (Indonesia) to 17.4 percent (United States). Of significance is
that healthcare expenditures in the United States totaled over 17 percent
of its GDP—5 percent more than the next highest country, and almost
8 percent more than the OECD average of 9.6 percent. But not only
have expenditures on healthcare increased in the United States from
approximately 5 percent of GDP in 1960 to over 15 percent in 2008, they
are expected to grow still further, reaching approximately 20 percent of
GDP by 2018.

Andy Grove, former chief operating office and chief executive officer
of Intel Corporation and a pioneer in the semiconductor industry, once
stated, “There is at least one point in the history of any company when
you have to change dramatically to rise to the next level of performance.
Miss that moment—and you start to decline.” Given the numerous pres-
sures and escalating costs facing the healthcare systems of many nations,
now is the time for HCOs to innovate using available tools and technolo-
gies to transform into more sustainable, efficient, effective, and safe pro-
viders of care.
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1. In the Netherlands, it is not possible to clearly distinguish the public and private
share related to investments.

2. Total expenditure excluding investments.

3. Health expenditure is for the insured population rather than the resident population.

Source: OECD Health Data 2011; WHO Global Health Expenditure Database.

The Analytics Opportunity in Healthcare

The good news is that HCOs can take the necessary action to improve qual-
ity of care, increase value to patients, and raise the bottom line. Advances
in HIT, and particularly the field of healthcare analytics, are now helping
HCOs to reveal and act on opportunities for transformative improvement.
The term “analytics” has been described in myriad ways. For the pur-
poses of this book, I will refer to analytics as the systems, tools, and tech-
niques that help HCOs gain insight into current performance, and guide
future actions, by discerning patterns and relationships in data and using
that understanding to guide decision making. Analytics enables leaders,
managers, and QI teams within HCOs to make better decisions and take
more appropriate actions by providing the right information to the right
people, at the right time, in the right format, with the right technology.
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Healthcare Analytics

Healthcare analytics consists of the systems, tools, and techniques that
help HCOs gain insight into current performance, and guide future ac-
tions, by discerning patterns and relationships in data and using that un-
derstanding to guide decision making.

One doesn’t need to look far to observe the impact that analytics has
had on other industries. Companies such as Google, Amazon, and others
whose very existence depends on users’ ease of access to highly targeted,
tailored, and user-friendly information demonstrate the realm of the pos-
sible—that the tools, techniques, algorithms, and data now exist to drive our
analytics-powered world.

The use of analytics in healthcare, however, has lagged behind other
industries. Internet search engines make it incredibly easy to enter a search
term and almost immediately retrieve a list of web pages that contain infor-
mation pertaining to the search term ranked in order of relevance and likely
usefulness. Yet anyone who has used an EMR or a reporting tool to look
up information on a patient, or a group of patients, knows how difficult
finding the necessary information can be. And anybody who has tried to
get the information they need for a healthcare quality and/or performance
improvement project would not be faulted for thinking that obtaining any
information of value is downright impossible.

WHY QUALITY IMPROVEMENT PROJECTS FAIL HCOs are always working to
improve the quality of their care and the efficiency of their business opera-
tions. Many HCOs do not see much improvement in quality and perfor-
mance despite engaging in multiple improvement initiatives. Unfortunately,
some HCOs will undertake QI projects without an overall quality strategy
or long-term evaluation plan and end up with many disconnected, half-
evaluated projects that never seem to achieve their objectives.

Some HCOs focus on improving quality in bursts, with intense activity
and enthusiasm that lasts only for a short period of time. Such torrents of
QI activity is usually in reaction to some negative event such as a critical
incident, or after a “eureka” moment occurs in which an executive member
learns something new at a conference, after seeing a product demonstra-
tion, or while speaking with a consultant. Once the initial excitement wears
off the initiative, the unit, department, program, facility, or entire enterprise
may revert back to its initial or some other suboptimal state if a solid quality
framework and sustainability plan are not in place.

Even HCOs with QI entrenched in their organizational culture, a proven
track record, and well-evolved QI frameworks in place rarely achieve total
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success and must revisit areas of improvement (often multiple times) to help
ensure that improvement results are maintained. This is because achieving
change within HCOs is difficult and, much like breaking a bad habit, rarely
is sustained after the first try.

Health care is the most difficult, chaotic, and complex industry
to manage today [and the bospital is] altogether the most complex
bhuman organization ever devised.

—Peter Drucker

Making changes to an HCO is difficult because healthcare is a very
dynamic environment and in a constant state of flux. Innovations in health-
care technology are ushering in changes at a rapid pace, emerging diseases
and changing patient demographics are presenting new treatment challeng-
es to clinical staff, and organizations themselves face an ongoing barrage
of new regulations and changes to funding models. What might have been
an effective and/or necessary process, workflow, or policy 20 years ago
(or even two years ago) may be no longer relevant, or in need of major
updating to be made relevant once again.

HCOs must evolve and adapt not merely to maintain and improve qual-
ity, performance, and patient safety, but to survive. Of course, the standard
principles of providing safe, efficient, and effective patient care will never
change—but exactly how that is done must always evolve.

LEVERAGING INFORMATION TECHNOLOGY Although HIT is one of the
largest drivers of healthcare innovation (or disruption, as some health-
care providers would claim), HIT provides the tools required to monitor,
evaluate, and improve healthcare quickly and with clarity. In fact, improv-
ing quality in a modern HCO to the extent and at the pace necessary
without the benefit of the information derived from HIT would be an
onerous task.

A NOTE ON TERMINOLOGY

I will use the term “healthcare information technology” (HIT) when
referring to systems that are mainly clinical in nature such as electronic
medical record (EMR), radiology information system (RIS), and other
similar systems. I will use the term “information technology” (IT) more
generically to include both clinical and nonclinical systems (such as
financial, supply chain management, and other such tools).
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Despite what some vendors may promise, it takes more than simply
adopting HIT to improve quality and performance within an HCO. In fact, it
is ironic that a mere decade ago many healthcare improvement efforts were
likely stymied due to lack of data. Now it is entirely possible that improve-
ment efforts could be hindered by having too much data available without
the necessary experience and tools to analyze it and put it to good use.

This is not to say that healthcare improvement cannot occur without
the use of IT, but at some point every HCO must use data to monitor and
evaluate ongoing changes and fine-tune improvements. I have seen medio-
cre HCOs become top performers as a result of the intelligent use of infor-
mation in combination with strong leadership, a clear vision, a culture of
innovation, and a drive to succeed. Although technology is never the only
solution, analytics consists of many tools, technologies, and techniques
that HCOs can employ to leverage the data amassed from the increasing
number of HIT systems in operation. These innovations in combination
with competent, effective leadership enable HCOs to become more effi-
cient and adept at achieving, evaluating, and sustaining improvements in
healthcare.

THE ANALYTICS KNOWLEDGE GAP In pursuit of clinical and operational
excellence, HCOs are drawing from diverse, nontraditional professions
(from a healthcare perspective) to form QI and innovation teams. In addi-
tion to nurses, physicians, and administrators, it is not uncommon to see
engineers, computer scientists, and other specialist roles working within
healthcare. Although having traditional and nontraditional roles working
side by side to solve the many problems facing healthcare brings incredible
diversity and flexibility, this arrangement also poses some challenges.

Successful healthcare quality and performance improvement initiatives
require strong executive sponsorship and support, QI expertise, subject
matter expertise, and information management and analysis expertise.
Bringing these various disciplines together provides diversity that can lead
to the synergistic development of innovations but also exposes significant
knowledge gaps between these groups. (See Figure 1.2 for an illustration of
this knowledge gap.)

Each professional group brings with it its own particular skill sets,
knowledge, and comfort levels working with data and analytics. The ana-
lytics knowledge gap may make it seem like nobody is speaking the same
language, which can prevent teams from working effectively and cohesively
together. To reduce friction and misunderstanding on healthcare quality
and leadership teams, it is necessary to bridge the knowledge gap. Bridging
the gap enables team members to communicate more effectively, to ask the
right questions, and to frame the answers and insights in ways that make
sense and are relevant to the improvement challenges at hand.
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FIGURE 1.2 The Analytics Information Gap between QI, IT, and Healthcare
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Leveraging Information for Healthcare Improvement

As HCOs turn to technological solutions to manage business operations
and treat patients, many are literally becoming awash in data. In fact,
some estimates are that healthcare data in the United States alone totaled
approximately 150 exabytes (150 x 10" bytes) in 2011 for clinical, finan-
cial, and administration systems; of course, this number will only con-
tinue to grow. In fact, a single large American healthcare provider alone
is estimated to have accumulated up to 44 petabytes (a petabyte is 10"
bytes) of patient data from electronic health record data (including images
and annotations).

As HCOs continue to amass large quantities of data, that data is only of
any value if it gets used. Many HCOs are becoming more “data centered,” in

“BIG DATA" IS A RELATIVE TERM

Although “big data” is a term commonly used to describe the very large
data sets of today, there is no doubt that the anticipated future growth
in healthcare data will make today’s “big data” seem minuscule. T still
remember when having 16 megabytes of random access memory on a
computer was a big deal, and a 1-gigabyte hard drive was considered
more storage than you'd ever need.
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that they are making conscious efforts to make better use of the data avail-
able to assist with decision making and QI initiatives. Of course, HCOs vary
in the extent and degree of sophistication by which they are leveraging their
available data for informed decision making and performance improvement.

TRADITIONAL TOOLS ARE OUTDATED AND INEFFECTIVE As analytical tools
become more commonly used in healthcare beyond executive-suite ana-
lysts and biostatisticians, the questions that are being asked are increas-
ingly complex. It is becoming clear that traditional reporting approaches are
becoming woefully inadequate and outdated—they are unable to deliver
information that is accurate and timely enough to drive decision making,
and they can only scratch the surface of today’s growing healthcare data-
bases.

Healthcare leaders are dealing with a multitude of regulatory, quality,
and financial pressures and need accurate, timely, and readily available
information to make decisions. In fact, HCOs do not require more reports
to achieve desired improvement goals. HCOs require better insight into
their own operations, transparency across boundaries, and accountability
for their performance. The limiting, conventional views about decision mak-
ing, data, and reporting must be challenged to allow for creative use of the
available data and emerging analytics tools to foster data-based (not gut-
based) decision making—in real time and near the point of care.

INFORMING DECISION MAKING 1t is commonly said that data must be used
to “drive decisions” in order to impact quality and performance improve-
ment. What does “drive decisions” really mean, however, and how do we
measure and judge how well information is being used? Much information
is produced by analysts and other users of healthcare business intelligence
(BD systems, and most of this information is consumed by managers and
other healthcare leaders. But how does (or how can) all this information
actually drive decision making?

Unfortunately, the default position for many organizations with respect
to using information is the same type of reporting on which they have
always relied. I am sure that after installing new HIT and healthcare BI solu-
tions, every organization requests the BI and analytics team to develop the
exact same reports as before. This discomfort of leaving behind what never
really worked anyway means that many HCOs fall into an information rut
that inhibits them from truly leveraging the information at their disposal.

It is not my intention to give the term “report” a bad name, as if reports
are the root of all that is wrong with the use of healthcare data. The truth is
that a report can come in many guises. One example is the old-fashioned
monthly multipage report that is distributed throughout an organization but
rarely makes it out of the e-mail in-box. (Nobody distributes printed reports
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anymore, do they?) Dashboards, of course, are also reports, but good dash-
boards present up-to-date indicators, consisting of relevant metrics with
targets to maintain accountability, that truly assist with making decisions.

In fact, the usefulness of information has absolutely nothing to do with
the medium in which it is presented. A graphical, interactive dashboard can
be just as disadvantageous as a stale, printed multi-page report in tabular
format if the information contained within does not help answer the press-
ing business problems facing an HCO.

Tip

The usefulness of information has absolutely nothing to do with the
medium in which it is presented.

Rather than getting caught up in which medium information is pre-
sented, I believe that analytics professionals need to focus on ensuring that
the information that is being used for decision making and QI has most
(if not alD) of the following attributes, which will be described later in this
book. It is:

= Accurate

= Timely

= Relevant (to the questions being asked)

= Directed (at the right individual or stakeholders)

= Analyzed (appropriately given the types of data and questions being
asked)

= Visualized (in a way that makes sense to the stakeholder)

Beginning the Analytics Journey in Healthcare

QI is often considered to be a “journey” in healthcare because of the
constant evolution the HCO undergoes, because of the constant learning
required to adapt to a changing environment, and because quality is a mov-
ing target. An HCO should never strive for good enough, but should always
be improving.

The use of analytics within an HCO to improve quality and perfor-
mance is a journey in much the same way. Analytics must be developed in
an agile manner to keep pace with the changing needs of quality and per-
formance improvement initiatives. Analytics specialists must keep their pro-
fessional knowledge up to date and relevant because the technology that



12 Toward Healthcare Improvement Using Analytics

enables analytics is always changing as are the analytic techniques (such as
algorithms and statistical models) that are used to gain insight into health-
care data. Analytics is very much a moving target—what is sufficient (and
even leading-edge) in today’s healthcare environment most likely will not
be five years from now.

The role of analytics professionals in healthcare will continue to grow
both in scope and in importance. I believe that for analytics to become a
true game changer, analytics professionals must no longer be relegated to
the back rooms of IT shops simply building reports and fulfilling endless
data requests. Analytics must be brought to the front lines, where the inno-
vative and transformational QI work takes place. Analytics professionals
must be willing and prepared to engage with frontline QI teams and clinical
staff directly, participate on quality initiatives, and experience what informa-
tion is needed and how analytics is, and has the potential to be, used on
the front lines. Information served up on a “report development request”
basis cannot play a transformational role in healthcare improvement;
transformation is possible only with embedded, agile, and motivated analyt-
ics teams working side by side with other QI team members to achieve the
quality and performance goals and objectives of the organization.

It is incumbent on healthcare leaders to enable QI, IT, and analyt-
ics teams to work together with frontline staft to support analytics-driven
evidence- and data-informed quality and performance improvement initia-
tives. In order for that to happen, there must be some common understand-
ing around the topics of technology, data, and QI so that professionals in
these different disciplines can communicate effectively within a team-based
project environment.

Unfortunately, many QI professionals and QI team members have lim-
ited knowledge of the technology involved in healthcare analytics, what
data is available, or even what analyses, visualizations, and other aspects
of analytics can even be requested. Technology experts in IT who develop
the code to transfer data from source systems to data warehouses (or other
data stores) may not know the best format in which to make data available
to BI and analytics tools, and so they may choose default data types based
on how the data “looks” rather than on contextual knowledge of what the
data means and how it will be used. Finally, analytics professionals who
are building dashboards and other analytics for QI teams may not know
the terminology around Six Sigma or Lean, and may not be familiar with
the specific types of visualizations (e.g., statistical process control charts) or
other analyses common with such methodologies.

Despite where your HCO is on its analytics journey, remember that
although the tools and technology of analytics will likely change at a rapid
pace, the people are the most important component of healthcare analyt-
ics. The future of healthcare analytics will involve professionals from many
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A NOTE ABOUT TERMINOLOGY

It has been an enigma throughout the writing of this book how to
name analytics professionals within the HCO. Tt is challenging to at-
tach a label to a group of professionals who come from such diverse
backgrounds, bring such an amazing range of skills, and play such an
important role in bringing data to life within an HCO. As is typical in
this book, I have shied away from using the trendy term of the day,
and instead have leaned more toward classical or enduring terminol-
ogy. I have opted to use the term “analytics professional,” or some-
times “analytics developer,” to be as inclusive as possible. I know that
not everyone will agree with this term, and I am ambivalent about
it myself, but it is a term I believe is nonetheless both inclusive and
descriptive.

disciplines, with a common understanding of how analytics and QI must
work together, using information made possible via analytics to create an
environment able to provide patients with safe and effective healthcare of
the absolute highest quality possible.
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CHAPTER

Fundamentals of
Healthcare Analytics

If you always do what you always did, you will always get
what you always got.

—Albert Einstein

Effective healthcare analytics requires more than simply extracting informa-
tion from a database, applying a statistical model, and pushing the results to
various end users. The process of transforming data captured in source sys-
tems such as electronic medical records (EMRs) into information that is used
by the healthcare organization to improve quality and performance requires
specific knowledge, appropriate tools, quality improvement (QI) method-
ologies, and the commitment of management. This chapter describes the
key components of healthcare analytics systems that enables healthcare
organizations (HCOs) to be efficient and effective users of information by
supporting evidence-informed decisions and, ultimately, making it possible
to achieve their quality and performance goals.

How Analytics Can Improve Decision Making

Healthcare transformation efforts require decision makers to use informa-
tion to understand all aspects of an organization’s performance. In addition
to knowing what has happened, decision makers now require insight into
what is likely going to happen, what the improvement priorities of the orga-
nization should be, and what the anticipated impacts of process and other
improvements will be. Simply proliferating dashboards, reports, and data
visualizations drawn from the HCO'’s repository of health data is not enough

15



16 Fundamentals of Healthcare Analytics

to provide the insight that decision makers need. Analytics, on the other
hand, can help HCOs achieve understanding and insight of their quality and
operational performance by transforming the way information is used and
decisions are made throughout the organization.

Analytics is the system of tools and techniques required to generate
insight from data. The effective use of analytics within an HCO requires that
the necessary tools, methods, and systems have been applied appropriately
and consistently, and that the information and insight generated by analytics
is accurate, validated, and trustworthy.

In modern healthcare, substantial quality and performance improve-
ment may be stymied without changes to the way information is used and
acted upon. With this in mind, the fundamental objective of healthcare ana-
lytics is to “help people to make and execute rational decisions, defined as
being data driven, transparent, verifiable and robust”:!

= Data driven. Modern healthcare standards demand that clinical deci-
sions be based on the best possible evidence that is generated from
extensive research and data. Yet administrative decisions, process and
workflow design, healthcare information technology (such as EMRs),
and even some clinical decisions are often not held to these standards.
Analytics in healthcare can help ensure that a// decisions are made
based on the best possible evidence derived from accurate and verified
sources of information rather than gut instinct or because a process or
procedure has always been done in a certain way:.

= Transparent. Information silos are still a reality in healthcare due to
the belief by some that withholding information from other depart-
ments or programs best maintains autonomy and control. This belief,
however, often has the opposite effect and invariably leads to misun-
derstandings and a deterioration of trust. A key objective of analytics in
healthcare is to promote the sharing of information and to ensure that
the resultant insight and information is clearly defined and consistently
interpreted throughout the HCO.

= Verifiable. Consistent and verifiable decision making involves a val-
idated decision-making model that links the proposed options from
which to choose to the decision criteria and associated methodology
for selecting the best available option. With this approach, the selected
option “can be verified, based on the data, to be as good as or better
than other alternatives brought up in the model.”?

= Robust. Because healthcare is a dynamic environment, decisions must
often be made quickly and without perfect data on which to base them.
Decision-making models must be robust enough to perform in non-
optimal conditions. That is, they must accommodate biases that might
be introduced as a result of missing data, calculation errors, failure
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to consider all available options, and other issues. Robust models can
benefit from a feedback loop in which improvements to the model are
made based on its observed performance.

Analytics and Decisions

Healthcare analytics improves decision making by replacing gut instinct
with data-driven, transparent, verifiable, and robust decision methods.

Analytics, Quality, and Performance

The techniques and technologies of analytics provide insight into how well
an HCO is performing. Analytics enables healthcare leaders and QI stake-
holders to make evidence-informed decisions through techniques, tools,
and systems that:

= Clarify and improve understanding of patterns seen in data.

= Identify when (and why) change has occurred.

= Suggest (and help validate) the next logical steps to achieve desired
change.

First and foremost, analytics must help answer questions and drive deci-
sion making related to achieving and maintaining safe, effective, and effi-
cient delivery of healthcare. Effective healthcare analytics, however, consists
of more than pointing statistical analysis software at large databases and
applying algorithms and visualization techniques.

What distinguishes analytics from most currently deployed reports and
dashboards are the graphical, mathematical, and statistical tools and tech-
niques to better understand quality and performance issues, and more impor-
tantly, to identify what possible actions to take. Figure 2.1 illustrates the ways
in which information can be used to support decision making for quality
and performance improvement initiatives. Most HCOs use reports and dash-
boards to review past performance (circle 1). Although a solid understanding
of past performance is essential in identifying quality issues and monitoring
progress toward meeting targets, relying solely on retrospective data provides
little insight into what an HCO should be doing now or in the future.

Many HCOs are adopting the capability for real-time performance mon-
itoring, which may include real-time (or short-cycle) dashboards that pro-
vide a reasonable picture of what is currently happening within the HCO
(circle 2). To be effective, real-time monitoring must encompass appropriate
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FIGURE 2.1 Reporting and Analytics Capabilities for Quality and Performance
Improvement

indicators that are aligned with strategic and/or tactical performance goals
and be linked to triggers within business processes that can signal that an
action or decision is required.

Tip

To be effective, real-time monitoring must encompass appropriate indi-
cators that are aligned with strategic and/or tactical performance goals
and be linked to triggers within business processes that can signal that
an action or decision is required.

The reports and dashboards typical of circles 1 and 2 may help high-
light what has occurred in the past, or what is currently occurring. But on
their own, the information typical of circles 1 and 2 provides little insight
into why performance is the way it is.
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Analytics goes one step further and helps answer questions such as
why problems likely are occurring, highlights relationships between events
and issues (circle 3), and, given the right models and data, can even
begin to anticipate future outcomes and occurrences (circle 4). Analytical
approaches (such as regression modeling and data mining techniques, for
example) help to highlight relationships between various factors that, to
various degrees, may be impacting quality and performance.

For example, within existing reports and dashboards, an HCO might
see that there has been a steady hospital-wide drop in patient satisfaction
over the last quarter, and that an increase in central line infections has
occurred over a similar period. Reports and dashboards may also highlight
an increase in emergency department lengths of stay, and an increase in
staff absenteeism rates. But most standard methods of reporting are inca-
pable of providing any insight into why these issues are arising; charting
methods such as basic bar or line graphs would be able to illustrate a trend
over time and the amount of change in a measure that has occurred. Analyt-
ics tools and techniques go one step further to help provide better insight
into why these quality issues are present, determine if they are related, and
predict future trends and possible outcomes.

Applications of Healthcare Analytics

One benefit of analytics is to enable healthcare leaders, QI teams, and other
decision makers to ensure that the decisions being made are evidence-
based, transparent, verifiable, and robust. Most areas of healthcare can ben-
efit from decision making that meets these expectations; a few examples
are outlined next.

= Process and workflow improvement. Efficient, effective, affordable,
and safe patient care begins with processes and workflows that are free
of barriers to quality and from which waste is reduced or eliminated.
Determining what to improve, and how to improve it, is the responsibil-
ity of dedicated multidisciplinary QI teams. The productivity of these QI
teams, however, is greatly enhanced when they can leverage analytics
to provide detailed insight into the processes and workflows that com-
prise the management and provision of healthcare.

QI teams rely on analytics for superior analysis of baseline data to
identify bottlenecks and other causes of poor quality and performance.
Analysis of baseline performance and quality data helps QI teams to
identify and prioritize these causes so that the improvement initiatives
selected are the most likely to have an impact and be successful. Analyt-
ics is also necessary for monitoring ongoing performance of processes
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and workflows, after improvements have been made, to ensure that the
improvements are sustained in the long term.

Clinical decision support (CDS). Many people incorrectly consider
analytics as merely an extension of reporting. But analytics is not just a
back-office capability. Analytics in support of clinical decision making
can take on many roles, ranging from providing suggestions and evi-
dence regarding the management of a single patient to helping manage
an entire unit or department during a surge in patients. CDS is perhaps
the ultimate use of healthcare analytics, which is disseminating timely,
actionable information and insight to clinical providers at the point of
care when that information is required and is the most useful. CDS
leverages the information available within the entirety of the enterprise
data warehouse (EDW) and clinical source systems to give providers
insight into many clinical issues, ranging from possible diagnosis sug-
gestions to predictions for excessive length of stay or adverse outcomes.

An example of analytics in CDS is computerized provider order
entry (CPOE) systems. The best of these systems automatically check
the order with medical guidelines and compare ordered medications
with other medications a patient is taking to check for the possibility
of adverse drug interactions. Benefits of CDS systems are already being
realized; one study demonstrated a 40 percent reduction in adverse
drug reactions and other critical events in just two months.?

Other examples of analytics in CDS include flagging a patient as
being at risk for an extended emergency department visit, or assisting
with the triage of multiple patients presenting with an unknown respi-
ratory ailment during influenza season. In the first case, the patient may
be placed on special protocols to prevent unnecessarily long stays in
the emergency department. In the second, analytics can help fill gaps
in patient information and identify which new cases may be high-risk,
allowing care providers to take appropriate isolation and infection con-
trol precautions.

Population health management. Population health management is
“the coordination of care delivery across a population to improve clini-
cal and financial outcomes, through disease management, case manage-
ment and demand management.” Analytics helps HCOs achieve these
improvements by identifying patient subpopulations, risk-stratifying the
subpopulations (that is, identifying which patients are at highest risk
of poor outcomes), and using CDS tools and best evidence to manage
patients” and populations’ care in the best way possible. Analytics also
contributes to the ongoing tracking of patients to determine overall
compliance and outcomes.

Payer risk analysis and fraud prevention. One contributing fac-
tor to the high cost of healthcare is fraud and other improper billing
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to healthcare insurance. Healthcare data analytics is expected “to fun-
damentally transform medical claims payment systems, resulting in
reduced submissions of improper, erroneous or fraudulent claims.”
This transformation in fraud prevention is possible because computer
algorithms are able to analyze healthcare databases, scanning for pat-
terns and other clues in the data that might indicate fraudulent activity
and other irregularities. Once a manual, painstaking, and imprecise pro-
cess, this is now an automated, immensely more efficient process, sav-
ing healthcare systems billions of dollars. For example, the Centers for
Medicare and Medicaid Services (CMS) achieved $4 billion in recoveries
because of the fraud detection abilities possible with data analytics.®

In addition to improving understanding within each of these and other
components of healthcare, analytics offers the potential to break through
traditional barriers and allow understanding across so-called silos.

Components of Healthcare Analytics

Analytics consists of much more than back-office analysts applying com-
puter algorithms to ever-growing volumes of data. Analytics exists in health-
care to enhance the quality and safety of patient care while reducing costs.
Patient care is a human-driven endeavor, therefore healthcare analytics
requires the input of stakeholders to define what is useful and necessary.
The output that healthcare analytics provides must be utilized by leaders, QI
teams, and other decision makers in order to have any effect. Between the
initial input and the resultant output, there are many levels and components
to an analytics system that make evidence-based decision making possible.
Forrester Research, Inc., identifies the “business intelligence [BI] stack”” to
consist of the following layers:

= Infrastructure

= Performance management
= Supporting applications

= Analytics

= Discovery and integration
= Data

= Infrastructure

The Forrester Research BI stack (and similar models from other organi-
zations) provides a highly detailed summary of the components required to
construct a BI infrastructure within a business enterprise (of which health-
care is but one example). The purpose of this book is to focus on the
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essentials of analytics for healthcare quality and performance improvement,
so I have employed a modified stack optimized for healthcare analytics that
focuses on business problem identification and insight generation.

Figure 2.2 illustrates this “analytics stack,” a representation of what is
required of an analytics system within an HCO to provide insight and sup-
port evaluation of outcomes. Although not strictly necessary for analytics,
a well-developed BI infrastructure will definitely support and enable ana-
lytics and decision making throughout the HCO. For an excellent health-
care BI resource, I recommend Healthcare Business Intelligence: A Guide to
Empowering Successful Data Reporting and Analytics.® The analytics stack
described here does not focus on the particulars of any one data warehouse
model or technology but instead assumes that a mechanism is in place for
data to be made available for analytics in a suitable format.

The basic layers of this analytics system for performance and QI are:

= Business context

= Data

= Analytics

= Quality and performance management
= Presentation

Analytics Stack

Presentation

Visualization Dashboards Reports

Alerts Mobile Geospatial

Quality & Performance Management

Processes Indicators Targets

Improvement strategy Evaluation strategy

Tools Techniques Team
Stakeholders Requirements
Deployment Management
Quality Management Integration
Infrastructure Storage

Business Context

Objectives Goals Voice of patient

FIGURE 2.2 Components of the Healthcare Analytics “Stack”
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= Business context layer. This layer is the foundation of an analytics

system and represents the quality and performance goals and objec-

tives of the HCO. Included in the business context is the “voice of the

patient” as a reminder that, above all, the goal of HCOs is to provide

value to patients by delivering effective, efficient, and safe medical care.

Every organization will have its own set of goals and objectives because

of varying circumstances, demographics, and other factors. The goals

and objectives of the business, and the strategies the HCOs employ to

achieve them, drive requirements at every other level.

= Data layer. This layer of the analytics stack represents the quality,

management, integration, and storage of data and the associated infra-

structure. With the generation and accumulation of healthcare data

comes the need to extract and integrate data from source systems such

as electronic medical records (EMRs), store the data securely, and make

high-quality data available for analytics and BI uses. Aspects of the data

layer include:

= Data sources. These are the source systems such as EMRs, plus
financial, supply chain, and other operational systems, that providers
and other staff utilize in their day-to-day work. By and large, data
in source systems is optimized for transactions, not analysis. When
more than one data source exists, the data sources must be integrated
to achieve true enterprise-wide visibility.

= Operational data store. As part of the integration process of bring-
ing multiple data sources together into a single enterprise view, an
HCO may opt for an operational data store (ODS) as an intermediary
level of data integration. The ODS forms the basis for additional data
operations (such as cleaning and integrity checks).

= Enterprise data warehouse. An EDW is built when available
sources of data must be cleaned, transformed, and integrated for
analysis and reporting to provide an enterprise-wide view of data.
The data warehouse contains key indicators and other performance
data pertinent to the quality and performance of multiple domains
throughout the HCO.

= Analytic sandbox. The data in the EDW may be stored in a way that
is aggregated to allow for faster, more efficient queries and analysis.
Analysts may require access to lower-level data (for example, line-
level patient data) to test new business rules or to run data-mining
algorithms. The analytic sandbox is an area set aside for data for
these purposes that does not negatively impact the performance of
other operations on the EDW outside the analytics sandbox.

= Data marts. It may not be necessary, or advisable, for somebody
to see all the possible data from across the entire enterprise that is
available in an EDW. In these cases, data marts are instantiated; data
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marts are subsets of data from the data warehouse (or the entire
data set when only one source system exists), are usually organized
by lines of business or healthcare domain, and represent what some-
body within a particular line of business would need to see to best
understand the performance of his or her program, department, or
unit.

= Integration. Combining multiple source systems into a connected
EDW is the process of integration. Without proper integration, an
EDW would be nothing more than a collection of data points with-
out any clear logic linking them. Integration can occur through a
process of Extraction/Transformation/Load (ETL), which, in the most
typical scenario, copies data from the source system(s), applies logic
to transform it to the analysis needs of the organization, and loads
it into an EDW. Other forms of integration, including virtualization,
which defines a single interface that links to every point of data in the
HCO, are increasingly common as volumes of data expand and new
approaches to data management are required.

= Analytics layer. This layer is comprised of the tools and techniques

that analytics teams use to generate information and actionable insight
that drives decision making. Components of this layer include the intel-
lectual knowledge of analytics teams and the computer software tools
to apply that know-how. In this layer, analytics helps to identify quality
and performance problems, develop analytical models appropriate to
the problem, perform statistical analyses, generate insight into problem-
solving approaches, and trigger necessary action.

The analytics layer requires strong involvement from stakeholders,
who provide the requirements for analytics that link the strategic-level
goals and objectives for the organization to more tactical-level analyt-
ics for decision making on the front lines by managers and QI teams.
Consideration of how analytics projects and teams are to be managed
to ensure a successful deployment is also necessary. There are several
key features of the analytics layer:
= Online analytical processing (OLAP). OLAP tools typical-

ly accompany data sets that are preaggregated and stored in a
multidimensional format (that is, based on dimensions and facts)
that allows users to quickly and interactively analyze data from
multiple perspectives. OLAP typically consists of three types of
operations: drill-down, which allows users to obtain and navigate
through additional detail (for example, viewing revenue from each
line of business of an HCO), roll-up (the opposite of drill-down, or
the consolidation or aggregation of data), and slice-and-dice (with
which users can extract a subset of data and view it in multiple
dimensions).
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= Ad hoc analytics. When more complex analysis is required than is
available through OLAP tools, analysts will use more statistical-based
or other specialized tools to conduct deeper analysis. This type of
analysis usually relies on nonaggregated data, and is often best per-
formed in an analytics sandbox away from other EDW activities.

= Text mining. Text mining involves extracting value (by deriving pat-
terns and trends) from unstructured text data. This is data that is
stored in progress notes and wherever else codified data entry is not
performed.

= Data mining/predictive analytics. These two disciplines consist of
the process of determining patterns and trends in the data, and using
the knowledge and understanding of those patterns and trends to
make predictions about future performance or occurrences.

= Quality and performance layer. This layer aligns analytics to the

processes that need to be improved, the indicators by which processes

and outcomes will be evaluated, and the performance targets desired

by the HCO. The actual improvement strategies and methodologies to

be used (such as Lean and Six Sigma) should also be considered in this

layer. This is important because improvement projects usually require

extensive analysis of baseline performance and typically utilize indica-

tors to evaluate project outcomes in order to sustain improvements in

the long term.

= Processes. Data is a by-product of the work that clinical providers
and other healthcare workers perform. When these workflows and
processes are documented, data can be aligned with them to increase
understanding of what the data means.

= Indicators. These are measures of certain aspects of an HCO’s per-
formance.

= Targets. These are values that represent what the performance levels
of a process or workflow should be, and represent the ideal range of
an indicator.

= Improvement strategy. This describes how an HCO intends to
address quality and performance issues, and what methodology the
organization intends to employ (such as Lean or Six Sigma).

= Evaluation strategy. This is how organizations plan to monitor and
evaluate the performance of key processes and indicators within the
HCO.

= Presentation layer. This layer of the analytics stack can be considered

the analytics “user interface.” The presentation layer manages the form

in which insights and information are delivered to the decision makers.

This layer is comprised of elements ranging from traditional reports to

contemporary dashboards and can include more specialized tools such

as geospatial visualization (or mapping). Although much of the heavy
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lifting of healthcare analytics is situated within the data, analytics, and
quality management layers, the presentation layer is critical because
how well information is communicated will impact its usefulness to
decision makers, QI teams, and other stakeholders.

Given the different components that must work in concert to provide
meaningful insight to decision makers, the effectiveness of an analytics sys-
tem for quality and performance improvement will be greatly diminished
without an analytics strategy. (See Chapter 3 for further information about
developing an analytics strategy.) The purpose of the analytics strategy is
to guide the HCO’s ability to rapidly respond to the information needs
of stakeholders while maintaining a consistent direction in supporting the
quality and business goals of the HCO. The analytics strategy provides a
guide for sorting through the many and perhaps conflicting analytics needs
of the HCO, and ensuring that each of these layers is configured, aligned,
and/or developed appropriately to achieve the quality goals of the HCO.
The strategy must guide decisions regarding what projects to undertake,
what tools to invest in, and how to maximize return on investment in ana-
lytics tools. The analytics strategy will align with, or be a component of],
the overall BI strategy, since many analytics capabilities will depend on the
extent to which a BI infrastructure is in place.

Beyond the layers of data and technology of an analytics system is how
the data is used—that is, the problem-solving that spans all of these layers. For
example, many dashboards and reports merely reflect what has happened,
and provide data in typical, predictable ways. But analytics encourages and
assists people to think differently about the data they have and the problems
they are solving. Sometimes a simple change such as applying a new visu-
alization or applying a new statistic can help illuminate an existing problem
in a whole new light. Other times, more sophisticated analytical techniques
will be required to solve a particularly perplexing problem. All components
of the analytics stack require careful consideration to ensure that the known
questions of today are being addressed, and that an analytics infrastructure is
being built that ultimately will address the unknown questions of the future.
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CHAPTER

Developing an Analytics
Strategy to Drive Change

You've got to think about big things while you're doing small
things, so that all the small things go in the right direction.

—Alvin Toffler

An analytics strategy is more than simply a data utilization strategy, a data
analysis strategy, a technology strategy, or a quality improvement strategy.
In fact, elements of all these are required for an effective analytics strategy.
An analytics strategy is necessary to ensure that an organization’s analyt-
ics capabilities are aligned with its quality and performance improvement
needs. This chapter discusses what an analytics strategy is, and will outline
the steps necessary to develop an effective analytics strategy. In develop-
ing a strategy, the chapter will discuss the components of and inputs to an
analytics strategy, stakeholders who must be involved in developing the
strategy, communicating the strategy, and how to implement it for maxi-
mum success.

Purpose of an Analytics Strategy

The purpose of an analytics strategy is to guide a healthcare organiza-
tion’s (HCO) ability to rapidly respond to the information needs of stake-
holders while maintaining a consistent direction in supporting the quality
and business goals of the HCO. It provides a guide for sorting through
many, perhaps conflicting information and analysis needs, and prevents
the HCO from being too swayed by vendor hype and other distractions.

29
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The strategy provides analytics teams with the focus and direction needed
to establish analytics and business intelligence (BI) as a strategic resource
for healthcare leaders, quality improvement teams, and other decision
makers within the HCO. Ultimately, the analytics strategy must aid the
HCO to determine:

= What data is most required to address key quality, efficiency, and per-
formance issues facing the HCO;

= What major analytics development projects to undertake and on what
tasks to focus the analytics team;

= What skills and knowledge are necessary in the HCO’s analytics team,;

= What data and integration infrastructure is necessary to support analyt-
ics initiatives;

= What analytics software and hardware tools to invest in; and

= How to maximize return on investment in analytics tools, teams, and
training by demonstrating value to the HCO.

One definition of strategy is “a bridge that connects a firm’s inter-
nal environment with its external environment, leveraging its resources
to adapt to, and benefit from, changes occurring in its external envi-
ronment,” and as “a decision-making process that transfers a long-term
vision into day-to-day tactics to effect the long-term plan.”! This defini-
tion is pertinent to an analytics strategy because the analytics strategy
will enable the HCO to leverage its information and analytics resources
as it responds to and begins to control the many factors, both internal
and external, that impact overall quality and performance. An analytics

ANALYTICS AND BUSINESS INTELLIGENGE

The analytics strategy is a critical adjunct to an HCO’s BI strategy,
because the hardware, data integration, and data management re-
quired for BI also enables the use of analytics. If an HCO is just
embarking on the development of a BI infrastructure (perhaps in-
cluding enterprise data warehouse development), then analytics
requirements should be considered during the requirements gath-
ering phase. If a BI infrastructure is already in place, an analytics
strategy can help to identify any gaps that exist in BI that might
need to be addressed to fully enable the desired analytics require-
ments of the HCO.
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strategy also helps to guide day-to-day decisions regarding systems, peo-
ple, tools, and techniques, with the long-term goal of enabling analytics
to provide information and insight regarding the most pressing problems
facing the HCO.

HCOs should develop a strategy for analytics to ensure that the infor-
mation resources of the organization are aligned with the activities nec-
essary for achieving the HCO’s quality and performance goals. Having a
strategy cannot guarantee success, but without a strategy, analytics and IT
development, team formation, and infrastructure procurement will proceed
without the benefit of any clear plan or mandate. This likely will result in an
investment of money and time (both resources usually in short supply) in
analytics infrastructure, technology, and development projects that may not
contribute to the fundamental goals of the organization, and may distract
the HCO from achieving its goals.

One of the most challenging aspects of working in a healthcare envi-
ronment is the “emergencies.” Not the medical emergencies—those are the
domain of the clinicians—but the frequent and urgent need for data and
information. These urgent requests range from information required by gov-
ernment agencies, to data for critical incident occurrence reviews, to a quick
aggregation of data for a researcher racing to meet a grant deadline. These
are a fact of life when working with healthcare data and cannot be avoided,
but they should not result in complete and utter chaos within an analytics
team.

One struggle for healthcare analytics teams is to maintain sight of “true
north,” that is, to know where and when to resume work on strategic pri-
orities despite many competing demands. The analytics strategy can help
prevent analytics teams from becoming overwhelmed and underproductive
by keeping the organizational priorities in focus. Without a strategy that out-
lines what the analytics priorities are and against which to judge the priority
of new and urgent requests, what gets done is usually the request initiated
by the person who is the most persuasive, or the problem that seems the
most interesting to the analytics team, not necessarily the issue or problem
that is the most important to the organization as a whole.

An analytics strategy that aligns with the quality and performance goals
of an organization will help the analytics team balance competing requests
with strategic priorities and help the team maintain their productivity by
reducing the feeling of being overwhelmed. A solid analytics strategy will
help enable the analytics team to become a strategic information resource
for business improvement and not simply purveyors of reports and data.
When analytics teams are primarily occupied fulfilling the data requests of
others, the result is that not much time is available for the strategic develop-
ment of the group.
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STRATEGIC DEVELOPMENT VERSUS DEVELOPMENT BY
AGGREGATION

I often joke (somewhat ruefully) that analytics tools and capabilities
within an HCO are developed through aggregation instead of through
design and strategy. For example, whenever an analytics team gets
a request for information, they might add the report, dashboard, or
other analytics tool to the general analytics or BI repository because
“somebody else might need it.” The result is a sizable collection of
reports and other tools that even the team doesn’t remember what
they all do. To make matters worse, this causes work to be replicated
because one analyst may not be aware of what somebody else has
done, or because the original work has been lost in the collection.

Analytics Strategy Framework, with a Focus on
Quality/Performance Improvement

In most healthcare information technology (HIT) initiatives, the informa-
tion technology (IT) department of an HCO is primarily responsible for
the implementation and maintenance of the technology itself (that is, the
hardware, software, implementation, testing, and maintenance). The pri-
mary users of HIT, on the other hand, reside within the business side of the
organization, and it is also the business side that gains benefit and value
from having such tools in place. The partnership between the business side
and IT in development of an effective BI and analytics infrastructure may
at times be at odds, not because of competing interests necessarily, but
because each group may not be aware of or fully understand the interests
and priorities of the other.

Building an Analytics Strategy—Templates

To download sample templates and worksheets for developing an ana-
Iytics strategy within your organization, please visit this book’s web site,
http://HealthcareAnalyticsBook.com.

Healthcare analytics is not immune to this requirements tug-of-war
between IT and the business side of an organization. For example, with
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clinical applications such as EMRs, the end users are decidedly clinical,
whereas IT personnel, who are primarily nonclinical, are responsible for
system deployment, support, and maintenance. Analytics development tends
to require significant input and participation from both the IT and busi-
ness side of the organization and should include clinical, data, statistical,
application, and technical subject matter experts. With the diversity of skills,
knowledge, and people working on analytics for quality improvement and
other projects, the analytics strategy helps HCOs:

= Recognize and agree on the quality and performance goals of the HCO;

= Determine the best methods for achieving those goals;

= Identify the analytics required to enable those methods; and

= Assemble the team, build and/or buy the tools, and implement the tech-
niques necessary to make the analytics work.

Figure 3.1 illustrates an analytics strategy framework that incorporates
the key components of an effective healthcare analytics system that supports

Business &
Quality
Context

Technology & Stakeholders
Infrastructure & Users

Analytics

Strategy

Team & Processes
Training & Data

Tools &
Techniques

FIGURE 3.1 Analytics Strategy Framework
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quality and performance improvement. The areas that should be considered
in a comprehensive analytics strategy include:

= Business and quality context
= Stakeholders and users

= Processes and data

= Tools and techniques

= Team and training

= Technology and infrastructure

These components of an analytics strategy framework are discussed in
the following sections.

Business and Quality Context

The business and quality context outlines the business problems facing the
HCO, and the quality, financial, and performance goals to which the HCO
is committing to address those problems. It is essential to start drafting the
analytics strategy with a clear understanding of the needs and requirements
of the business; without clear guidance from the needs of the business, ana-
lytics may not provide the insight and information required to support the
evidence-based decision making necessary to achieve the desired quality
and performance goals. To this end, all elements of an analytics environ-
ment should be aligned in support of the needs of the business.

The root of every successful analytical venture in which analytics is
actively used throughout an HCO by decision makers is a detailed descrip-
tion of the problem being addressed and a clear articulation of why solving
that problem is important to the organization. A well-articulated business
problem defines a gap between the current (undesirable) state and the
future (more desirable) state. Without a clear and concise problem defini-
tion, much effort and resources may be focused on addressing mere symp-
toms of a much deeper-rooted problem, or on issues that are not really a
priority at all.

There are many types of problems facing HCOs, ranging from financial
pressures to regulatory requirements; problem statements identify which
are the most pressing for an individual HCO to address at a given time. The
types of problems that HCOs need to address will also direct the types of
analytics (and supporting data) required. Some problems typical of those
experienced and expressed by HCOs include:

= Clinical quality. Is the HCO providing the best possible care and diag-
nostics at the right time, to the right patients, and in the most efficient
and safe manner possible?
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= Financial. Is the HCO making clinical, operational, and administrative
decisions that are the most financially sound while still in the best inter-
est of the patients?

= Patient throughput and value. Is the HCO providing value to its
patients by minimizing the time they must wait for appointments,
assessments, treatments, or other services within the organization, and
are they satisfied with the performance and care they experience?

= Human resources. [s the morale and well-being of the HCO’s staff
consistent with HR guidelines and, more importantly, consistent with
positive patient experiences?

Quality and performance targets are a necessary accompaniment to the
problem definition. HCOs cannot possibly improve every process, eliminate
every inefficiency, and reduce every risk at once; otherwise, chaos will
ensue and nothing will improve. Quality and performance targets define
what the current priorities of the HCO are, and help to focus the efforts of
quality improvement and analytics teams.

The quality goals represent the most pressing problems that have been
identified by stakeholders in the organization, highlight what most needs to
improve, and indicate the desired or target performance levels. An analyt-
ics strategy needs to include the most relevant and important quality goals.
This is because an HCO needs to communicate these critical goals to all
relevant programs, departments, and units that will be held accountable for
their performance.

Stakeholders and Users

From a project management perspective, stakeholders are “individuals and
organizations that are actively involved in the project, or whose interests
may be positively or negatively affected as a result of project execution”
and “may also exert influence over the project and its results.”? Likewise, an
analytics stakeholder is a person or group of persons who are impacted by,
will be users of, or otherwise have a concern or interest in the development
and deployment of analytical solutions throughout the HCO. In a modern
HCO there are few people who are not impacted in some way by the use
of analytics to improve quality and performance, and there are fewer yet
whose roles could not be enhanced through the innovative and effective
use of analytics.

When developing an analytics strategy, it is important to elicit and doc-
ument what each of the stakeholders will require, and develop approaches
to ensure that their information needs are being met. There are many stake-
holder groups within an HCO; analytics stakeholders typical within an HCO
are summarized in Table 3.1.
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TABLE 3.1 Summary of Stakeholder Types within an HCO

Stakeholder Description

Patient The person whose health and healthcare experience we're
trying to improve with the use of analytics.

Sponsor The person who supports and provides financial resources
for the development and implementation of the analytics
infrastructure.

Influencer A person who may not be directly involved in the

development or use of analytics within the HCO, but who
holds considerable influence (positive or negative) over the
support of analytics initiatives.

Customer/user A person within the HCO who accesses analytical tools,
or uses the output of analytical tools, to support decision
making and to drive action.

Patient. The most important analytics stakeholder within an HCO is the
patient. The patient is the reason healthcare exists, and is whom we are trying
to care for in safer, more efficient ways through the use of analytics. Most
pertinent quality improvement methodologies implore quality improvement
practitioners not to lose sight of what is the best for the patient. Although
it is possible to forget this fact when not working on the front line, analyt-
ics professionals must always remember that they are building analytics to
directly support the teams that improve the health and in-hospital experi-
ence of the patient.

Sponsor. The sponsor may be one of the most critical stakeholders
in the successful implementation and application of analytics within the
HCO. The project sponsor is “the individual or group within or exter-
nal to the performing organization that provides the financial resources,
in cash or in kind, for the project.”® This is the individual (or group of
individuals) within the organization at a corporate level who approves,
or provides a very strong recommendation to approve, the financial
resources necessary to implement a viable analytics infrastructure. In
many HCOs, the sponsor may be the same executive who recommends
and/or approves funding for other IT initiatives. Keep in mind, though,
that analytics efforts cross the boundary between IT and the business
so there are likely to be clinical, business, and/or technical sponsors for
analytics initiatives.

Customer/user. From a project perspective, the customer is the indi-
vidual or group that makes use of a project’s product.* Although the customers
and users are often synonymous, within a large organization the customer is
often the one who pays for the product or work, and the users are the ones
who make direct use of the product. The customers and/or users are the
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individuals within the HCO who require and use the information and insight
available with analytics. It is important not only to know who these analytics
users and customers are, but how they intend to interact with the analytics
tools and resultant data. For example, will the results of analytics be used
to influence clinical decision making, financial planning, quality/process
improvement, or for other reasons?

Influencers. Influencers are people who, though not directly involved
in the development or use of analytics within an organization, wield sig-
nificant influence over it. Influencers can be found at almost every layer
of an organization. It is important that influencers be informed of and
understand the benefits of analytics within an HCO. Without the support
of influencers at all levels of the HCO, important analytics initiatives may
suffer or even be shut down. Nothing is worse for analytics within an
HCO than apathy—the thinking that the “same old” data and information
is good enough when it clearly is not.

An obvious subset of customers are the “traditional” users of analytics—
the decision makers, analysts, and quality improvement facilitators. It is
not uncommon, however, to see more frontline staff, including physicians
and nurses, receive information regarding their performance. In addition,
analytics tools are making their way to the point of care as they become
embedded in clinical applications, which in turn provides critical decision
support evidence and insight to frontline providers when and where it is
needed most.

Stakeholders classified as users are likely to be the most diverse, and
will vary on several important dimensions. Table 3.2 lists several typical cus-
tomers or users of analytics, as well as a few high-level analytics use cases
for each user that are indicative of how analytics will be applied.

TABLE 3.2 Sample Analytics Customers with Analytics Use Cases

Customer Sample Analytics Use Cases
Physician Use real-time analytics for improving diagnostic
accuracy.

Use personalized performance report to adjust care

practices.
Unit manager Determine which patients are likely to exceed
length-of-stay targets.
Quality improvement Identify bottlenecks in patient flow.
team Evaluate outcomes of quality improvement
initiatives.
Executive Evaluate and monitor overall performance of the

organization.
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Analytics Use Cases

Discuss and document analytics use cases with all stakeholder groups;
this information will inform future decision making concerning data,
infrastructure, and usability.

When developing the analytics strategy, it is a good idea to document
analytics use cases, or how stakeholders intend to use analytics to make
decisions and guide quality and performance improvement projects. Analyt-
ics use cases, in combination with goals and objectives of the organization,
identify what data elements are most important, what indicators will be
necessary to calculate, and what types of accessibility and usability factors
(such as dashboard design, configuration of automated alerts, and mobile
access) need to be considered. Information elicited from stakeholders to
develop analytics use cases should include:

= Specific problems being addressed by the HCO.

= Decisions for which analytics insight is required.

= Actions that are triggered by analytics indicators.

= Risks that analytics identifies and/or helps to mitigate.

= What key processes need to be monitored and/or improved.

= What indicators are required to monitor quality and performance.

Obtaining as much information as possible about the possible uses of
analytics will help to identify any gaps in analytics capabilities and reduce
the likelihood that critical analytics needs will be missed.

Strategies for Working Well with Stakeholders

Analytics initiatives are most likely to succeed when stakeholders are
involved throughout all phases of a project. Here are a few strategies
for working well with stakeholders.

= Identify key members of each of the stakeholder groups.

= Understand the needs of each stakeholder group, and the needs of
members within each stakeholder group.

= Listen to, acknowledge, and act on the input of stakeholders.

= Keep stakeholders informed of progress.

= Deliver on promises made to stakeholders and demonstrate the
value of analytics in addressing the stakeholders’ needs.
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Processes and Data

Accurate, timely, and readily available data is the backbone of all ana-
Iytics used for decision making, especially in quality and performance
improvement projects. Without data, it is impossible to determine base-
line performance, use a verifiable decision-making process to decide on
improvement opportunities, or evaluate outcomes. Modern computerized
clinical systems, such as EMRs, contain dozens if not hundreds of individual
data elements; with multiple systems online within HCOs, the potential
exists for thousands of possible data items from which to choose. Even if
every data item captured from available computerized systems within an
HCO is made available via an enterprise data warehouse or other data store,
most of this data would require additional processing and analysis to be
useful. To make data useful, an analytics strategy must address:

= How to determine which data is most important for quality and perfor-
mance improvement.

= How the data is managed and its quality assured.

= How the data links back to business processes for necessary context.

See Table 3.3 for a summary of strategy components relating to data
and processes.

TABLE 3.3 Strategy Components for Data and Processes

Strategy Component Issues

Data sources What are the sources of data available? What data is
necessary for the analytics required to address key
business issues?

What data sources (and data elements) are
most important to address financial, quality, and
performance issues of the organization?

How is data integrated from source systems?
How and where is data stored and made accessible
to analytics; for example, is there an enterprise data
warehouse?

Data quality How good is the quality of available data?
Is the data quality “good enough” for analytics?
What gaps in data exist?
Does metadata (documentation) exist for the data?

(continued)



40 Developing an Analytics Strategy to Drive Change

TABLE 3.3 (continued)

Strategy Component Issues
Data management Who is responsible for data management,
and governance governance, and stewardship?

What policies and procedures exist for data
governance and management?

Business processes What business processes and workflows align with
important quality and performance issues of the
organization?

What data is available for measuring performance
and quality of key processes? If no data exists, what
proxy measures are necessary or available?

What additional processing and analysis is required
on available data?

Please see Chapter 5 for a thorough discussion on data quality, manage-
ment, and governance issues and practice.

DATA QUALITY, MANAGEMENT, AND GOVERNANCE Before any analytics are
possible, the relevant and necessary data must be understood and made
available. Given the many possible sources of data within an HCO, one
challenge is integrating data from these source systems into a manageable
and accessible framework from which data can be drawn for analytics.
These multiple data sources must all be managed to ensure suitability and
usability for analytics purposes.

Tip

Data from source systems must be inventoried, analyzed, documented,
and aligned with business processes.

Successful execution of an analytics strategy requires relevant data to be
identified, documented, processed, and made available to appropriate analyt-
ics users and applications. It may not be possible, feasible, or even necessary
to account for every available data source. When initiating, or improving,
the use of analytics within an HCO, focus on ensuring access to data that is
related to the organization’s major quality goals and key business objectives.
Trying to encompass too much will only serve to water down the strategy
document and risk sullying the insight and information required by stake-
holders. Remember that a goal of the analytics strategy is to focus efforts on
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achieving the most important quality and performance objectives of the HCO.
As the organization’s priorities evolve, so, too, can the strategy document
remain aligned with the priorities of the organization. At this point, new busi-
ness problems and additional data can, and should, be considered.

Tip

Remember that the goal of the analytics strategy is to focus efforts on
achieving the most important quality and performance objectives of
the HCO.

The quality of data available and used for analytics impacts what informa-
tion, insight, and value can be derived from such toolsets. Data stewardship is
a critical function in the management of large and complex data sets. Improper
management of data can lead to BI producing incorrect information. Because
the needs of every organization are different, the analytics strategy will help
the HCO determine what data management and governance structures are
best suited to the HCO based on the extent of existing and future data sources,
IT support, and any existing governance structures already in place.

BUSINESS PROCESSES One of the other data-related challenges facing
HCOs is adding context to data. From an analytics perspective, data and
processes are inseparable; knowing what a value “is” is almost useless with-
out knowing what it “means.” Knowledge of business processes provides
essential context to and understanding of what data represents. A business
process is the collection of actions taken to transform an input (such as raw
material, information, knowledge, commitment, or status) into a desired
outcome, product, or result and performed according to established guide-
lines, policies, procedures, rules, and subject matter expertise.’

The business processes are what provides context to the data, and with-
out context, data is almost meaningless. Essentially all quality improvement
methodologies require indicators and metrics that examine intervals on the
other process measures. This requires a strong alignment between business
process components and the data that measures those components. As part
of the analytics strategy, you should consider if and how current business
processes are documented, and how data items are mapped to these docu-
mented business processes.

Tools and Techniques

Once the business problems, quality goals, stakeholder requirements,
and available data items have been identified, the necessary tools and



42 Developing an Analytics Strategy to Drive Change

techniques, plus their acquisition strategy (build versus buy), need to be out-
lined in the strategy. Selection of appropriate software, statistics, or models
is necessary to ensure that the “right kind” of analytics can be performed to
address stakeholder needs and the HCO’s business problems. Inappropriate
tools and misaligned capabilities can lead to issues as basic as providing an
inappropriate summarization to using a predictive model that does not work
with the data available or is inappropriate for the use an HCO was intending.

For example, if an HCO is looking to determine its geographic catch-
ment area based on ZIP codes to fine-tune a marketing campaign, that
information might be best presented visually using some sort of geographi-
cal representation rather than a table of numbers and ZIP codes. Not hav-
ing the tools to properly visualize data in meaningful ways for decision
makers would be a capability gap. Another example relates to advanced
analysis; many reporting tools do not include anything other than basic
statistics (such as mean, median, etc.). Yet sometimes an analysis needs to
look beyond these simple statistics to determine correlation or to implement
more complex statistical models.

Because there are many ways in which analytics can be used, there are
many different types of analytics tools. Several of the most common types
of analytics tools include:

= Statistical. Statistical tools are used for deeper statistical analysis that
is not available in most “standard” BI or reporting packages, includ-
ing correlation and regression tests, ANOVA and #-tests, nonparametric
tests, and statistical process control chart capabilities.

= Visualization. Beyond the static charts and graphs typical of almost
all spreadsheet and business analysis software, some analytics users
are looking for advanced visualization tools that allow them to interact
visually with and explore data that is dynamic (that is, the visualizations
update as the data is updated).

= Data profiling and quality. Because the volume of healthcare data
is growing, HCOs are increasingly relying on software to identify and
highlight patterns of good and poor data within a data set, and to help
fix and prevent instances of poor-quality data.

If an HCO has invested significantly in a BI infrastructure, there may
not be much money available for analytics-related capabilities beyond what
comes with the BI suite. Adding new and specialized tools to the ana-
lytics tool belt can become cost-prohibitive (especially when expensive
“value-add” modules of already expensive base software are required). The
good news is that there are very good open-source tools such as R (www
r-project.org) that can provide significant analytical horsepower without a
prohibitively high price tag.
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For More Information on Tools and Techniques

The landscape is constantly changing regarding the available tools for
analytics. For an up-to-date summary of the most important tools and
most recent developments, please visit this book’s companion web site,
http://HealthcareAnalyticsBook.com.

Team and Training

Analytics is a very quickly evolving field, and it is impossible for one person
to be an expert in all aspects of BI and healthcare analytics. Training and
professional development are key to ensuring that a knowledge gap does
not become a gap in analytics capability within an organization. Profession-
al development can (and most definitely should) involve both autodidactic
and instructor-led instruction on the use of existing tools, the introduction
to new tools, and education on new innovations in analytics (e.g., predic-
tive analytics) and related technologies (e.g., new database formats for “big
data”). Investing in analytics training is one of the smartest choices an HCO
can make from the perspective of using available information to the maxi-
mum extent possible to enable evidence-informed decision making and
smarter quality and performance improvement activities.

Analytics teams, especially those working closely with quality improve-
ment teams, are not composed solely of “analytics professionals” (that is, expert
developers, analysts, and/or statisticians). HCOs are creating more interdisci-
plinary teams to tackle quality performance improvement issues. For example,
it is common to have MBAs and engineers working alongside nurses and phy-
sicians to tackle various issues facing an HCO. So, too, are analytics teams
becoming more interdisciplinary. In fact, it benefits an entire HCO to ensure
that stakeholders who rely on analytics have some degree of knowledge about
tools, techniques, and technologies available for analytics. The information
gathered in the “stakeholders” section of the strategy document can be used to
identify what type of knowledge is required of all analytics users, and to devel-
op a plan to ensure necessary information and/or training is made available.

There are many skills at which a healthcare analytics professional
must be proficient. In general, healthcare analytics teams require broad
knowledge in several key areas—the business of healthcare (both clini-
cal operations and finance-related); technology (such as data warehouses,
BI and analytics systems, and source systems such as EMRs); analytical
techniques (including data and statistical modeling); and communications.®
See Table 3.4 for a summary of the common types of skills required of
healthcare analytics professionals.
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TABLE 3.4 Sample Skill Sets Useful for Healthcare Analytics Professionals

Skill Set

Description

Communications

Technical

Clinical

Quality
improvement

Analytical

Analytics professionals must be effective communicators,

both in listening and explaining. They must be able to listen
to end users and subject matter experts to understand what
information they need and how they intend to use it. They
must also be able to explain analytics to those same people in
a way that gets the point across.

= Effective, clear, and accurate writing

= Data graphing and visualization

= Requirements elicitation

Analytics can be a highly technical field, therefore analytics
professionals need to be competent in several key areas in
which healthcare analytics intersects with other technology
disciplines.

= Intermediate programming and computation skills

= Database query skills

Healthcare analytics professionals must know enough about
the business of healthcare, from both a clinical operations and
a financial perspective, so that they are aware of the context
from which the data used is drawn.

= Basic healthcare processes

= Basic healthcare financing models

One of the primary uses of healthcare analytics is for quality
and performance improvement, and therefore healthcare
analytics professionals must be familiar with at least the major
approaches and methodologies in use within their HCO. They
may not need to be Six Sigma Black Belts, but should be able
to converse with the practitioners of quality improvement
methodologies.

= Lean, Six Sigma, or other improvement methodology

= Process mapping

= Team and group facilitation

Needless to say, healthcare analytics professionals must be
analytical and curious in nature. The toughest of all challenges
in healthcare analytics is identifying the root of a problem—
and this requires more than simply going through the motions
of applying statistical tests and building data models.

= Ability to think critically and analytically

= Data centered; obsession with evidence-based problem
resolution

= Familiarity with and ability to use scientific principles in
addressing quality and performance problems
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In addition to bringing the right mix of people onto the analytics team,
keeping their skills up to date and relevant is another important aspect of
managing analytics teams. There are always new tools, approaches, and
knowledge in the field of analytics. Regular training is required to keep ana-
lytics users’ and developers’ skills up to date, and they should be encour-
aged to maintain their own professional development. In this regard, there
are certifications available in the field of analytics, and professional organi-
zations, which enable analytics professionals to remain up to date.

It is unlikely that a single person can be proficient at all the necessary
skill sets required for effective analytics within an HCO. However, there may
be strong generalists who are good at several of the key areas. It is impor-
tant to recognize what skills are required to develop, implement, and utilize
the particular types of analytics your organization requires, what gaps may
exist, and what to do to address any gaps.

Finding the Right People

It is absolutely critical to have the right mix of people on an analytics
team. Look for people who are naturally analytical, curious, and cre-
ative, and who will mesh well within a team environment.

Technology and Infrastructure

Note: HIT infrastructure is a very large and important topic. It is impossible
to do it justice in one small section of a book. The purpose of this section is to
provide a bigh-level overview of how business and analytical considerations
should drive technical requirements, not to delve deeply into all aspects of
technical infrastructure.

Interestingly, technology and infrastructure are often the first stops
along the analytics path taken by IT professionals. There are numerous
reasons for this. Many analytics professionals reside in the IT departments
within HCOs, and IT departments are naturally drawn to think about serv-
ers, networks, and other infrastructure requirements.

Analytics must remain very business-focused because of the informa-
tion and insight needed by healthcare leaders, quality improvement teams,
and other decision makers. The technology required to enable analytics,
however, can be complex especially in larger organizations with numerous
data sources and many stakeholders. Because of the volumes of data that
may be available, the variety of sources supplying data, the sophisticated
algorithms that can be applied to the data, and the speed at which decisions
need to be made, analytics is growing beyond what can be accomplished
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by a single analyst running statistical software on a stand-alone computer.
Instead, a highly connected and reliable communications and data infra-
structure to enable the sharing of what information analytics produces is
necessary to drive evidence-informed decision making in most modern
healthcare environments.

Aligning the Needs of the Business and IT

Ideally, the analytical needs of an organization and the technological
requirements to supply those needs figure prominently in the organiza-
tion’s IT infrastructure deployment strategy.

An HCO'’s data infrastructure is the backbone of analytics. The three key
elements of the infrastructure include the network (that provides connectiv-
ity between all elements of IT infrastructure), servers (on which applications
are run and data is made available), and physical storage (the devices on
which data are stored),” and now cloud computing (in which case the data
used for analytics may not be housed by the HCO at all). All these com-
ponents are typically managed by an HCO’s IT department, and they must
be chosen and scaled appropriately to support the many applications and
services required by an HCO.

Closely related to these more physical elements of infrastructure is what
is sometimes called a knowledge and discovery layer. This layer of infra-
structure is where integration of various data sources occurs. For exam-
ple, the data resulting from a hospital visit by a single patient may span
multiple source systems, such as admission/discharge/transfer, electronic
patient record, lab information system, and radiology information system.
For analytics, it is best if this information is integrated into a single view
and the knowledge and discovery layer helps to logically link these various
independent sources of data into a cohesive, comprehensive, and cross-silo
representation of a patient’s visit.

Although there are many different applications and tools that fit within
this layer of infrastructure, the tools that are most pertinent to analytics
and the most common in HCOs include Extraction/Transformation/Load
services that copy information from source systems, transform it (into a
form suitable for a data warehouse), and load it into a data store so that it is
accessible for analytics. Newer approaches to integration include loose cou-
pling of data so that a unified view of data spans multiple sources of data
without necessarily needing to copy it all into a completely different data
store; in other words, through a modified data schema, a “virtual” database
can access data from source systems directly.
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One challenge of developing an infrastructure to support analytics is
that analytics requirements will undoubtedly expand as more data sources
are added, new problems and issues confront the HCO, new analytical
capabilities are required, and new hardware and software systems, opti-
mized for analytical performance, emerge on the marketplace. Scalability,
which “allows us to maintain a consistent level of performance regardless of
changes and growth,”® must be built into an analytics infrastructure so that
the HCO has spare capacity to grow into as the amount and types of data,
as well as analytics needs of stakeholders, continue to evolve and expand.

Although the analytics strategy may not necessarily state what technical
infrastructure should be acquired, the strategy should make it clear what the
near- and long-term analytics needs of the business are going to be. The deci-
sions made regarding hardware selection and infrastructure design and con-
figuration essentially set the boundaries for what analytics will be capable of
within the organization. The analytics strategy can be a very important input to
the HCO’s overall technical strategy—the sooner that analytical requirements
can be incorporated into an HCO’s IT development plan, the less likely it is
that technology will be purchased that is not appropriate (either insufficient or
complete overkill) for the analytical requirements of the organization.

Developing an Analytics Strategy

Developing an analytics strategy is critical to ensuring that the analytical
needs of an HCO are being met. Most HCOs will not be starting from square
one, however. In all likelihood, there are many pockets of analytical know-
how throughout every HCO, suffering through some inadequacy in analyt-
ics capabilities and not living up to an analytics potential. For example,
some of these analytical pockets may be using outdated or inadequate tools
for data management or analysis, some may be reaching the limits of poorly
designed data warehouses, and others might simply be so overwhelmed
with report requests that they are unable to perform any “real” analytics.

An analytics strategy is the starting point to help organizations achieve
maximum benefit from their data. A completed strategy will help an orga-
nization identify what it does well, what it needs to do better, where it can
consolidate, and where it needs to invest.

The three main steps in creating an analytics strategy are:

1. Document the current state. Review the six main components of
strategy discussed above, and speak with stakeholders who are current
(and potential users) of analytics to identify how analytics is currently
used and what capability is required but does not yet exist, as well as
what exists now but can be improved.
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2. Identify gaps. Documentation of the current state will reveal a laun-
dry list of things that are needed. Some of these gaps will be in infra-
structure, some will be in software/tools, some will be in knowledge/
training of the team, and some will be in knowledge of what is possible
with analytics.

3. Execute strategy. Once the gaps are identified, identify which gaps are
a priority to address and which can be addressed quickly and afford-
ably, and develop a plan to implement the strategy’s recommendations.

Many organizations in all industries spend a significant effort on
developing a strategy but in the end fail miserably at executing on the
strategy and achieving any of the goals and objects that the strategy was
to enable. The bottom line is that developing a strategy is a wasted effort
without a true intention and/or capability to execute on it. Having a strat-
egy is simply not enough; organizations must find ways to actually execute
what is set out in the strategy, otherwise it will become another piece of
“shelfware.”

An analytics strategy is not set in stone; it needs to evolve as the ana-
lytics needs of the organization and its stakeholders evolve, as technology
becomes better and/or less expensive, and as the state of the art in analytics
itself changes. An organization should not be afraid to revisit the strategy
frequently to ensure that it is up to date and that its execution is successfully
meeting all stated requirements.

Developing and Implementing an Analytics Strategy

For a full analytics strategy template that you can use to cre-
ate and implement a detailed analytics strategy for your organi-
zation, please visit the companion web site to this book, http://
HealthcareAnalyticsBook.com.
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CHAPTER

Defining Healthcare
Quality and Value

Quality means doing it right when no one is looking.

—Henry Ford

Improving safety, quality, and value are the cornerstones of healthcare
transformation. Although there are many ways in which quality and value
are defined and measured, healthcare organizations (HCOs) must adopt and
internalize their own definitions of quality in order to create quality goals,
objectives, and targets that are meaningful and relevant to the organiza-
tion and, more importantly, the patients they serve. The adage, “You can’t
improve what you can’t measure,” applies to healthcare analytics; this chap-
ter will discuss why and how quality must be defined in quantifiable terms
so that data analytics can be effectively leveraged to measure, monitor, and
maintain healthcare improvements.

What Is Quality?

From the patient’s perspective, healthcare is often thought of in terms of
quality and expressed in questions such as, “Which hospital or provider will
provide me the best healthcare possible?” Because patients are concerned
with receiving high-quality (and affordable) care, quality of care delivery
should be of utmost importance to every HCO. Many HCOs stake their
reputation on the quality of their care, and patients’ lives literally depend
on it. Hospitals, clinics, and providers that are deemed to be of high quality
earn stellar reputations, attract patients, are successful at attracting top staff
(including both clinical and research professionals), and earn more money,
which can be in part reinvested into QI initiatives.

51



52 Defining Healthcare Quality and Value

What is quality? Some people claim to be able to know quality when
they see it when it comes to things like automobiles, clothes, and houses.
But how do they “know” quality? In vehicles, the attributes that owners
associate with quality range from how solidly the door closes to more quan-
tifiable attributes such as gas mileage. For some people, the perception of
quality may all be in the brand name. With regard to everyday items, most
people have defined their own sets of desirable attributes and criteria for
identifying quality in their favorite products and brands.

Tip

Quality must be defined in quantifiable terms to enable measurement,
monitoring, analysis, and, most important, decision making and action.

The Institute of Medicine defines quality as “the degree to which health
services for individuals and populations increase the likelihood of desired
health outcomes and are consistent with current professional knowledge.”
This definition implies that healthcare is expected to have a net benefit to
the patient and that the measurement of quality must reflect patient satis-
faction, health status and quality-of-life measures, and the patient/provider
interaction and decision-making process. By this definition, the provision of
care “should reflect appropriate use of the most current knowledge about
scientific, clinical, technical, interpersonal, manual, cognitive, organization-
al, and management elements of health care.”*

A textbook definition of gquality provides a starting point, but it is up to
HCOs to apply and adapt the sentiments contained within such a definition
to their own particular needs and circumstances. Quality has many facets
in healthcare, so it is necessary for every HCO to thoroughly understand
and define in meaningful terms what quality is to all relevant stakeholders,
including and especially patients.

Many HCOs are well-meaning when initiating QI activities but falter
because quality is defined in too broad or general terms consisting of good
sentiment but little substance. Applying the analytics lens early in the QI pro-
cess helps to remind HCOs that quality must be defined in terms that are quan-
tifiable—meaning they can be measured, monitored, analyzed, and acted on.

According to the Institute of Medicine, “quality” is “the degree to which health
services for individuals and populations increase the likelihood of desired
health outcomes and are consistent with current professional knowledge.”
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Defining Value in Healthcare

Common themes in healthcare quality include performing the right actions
correctly and consistently while achieving outcomes that are considered to
be desirable to the patient. Related to this is the concept of value, which
means that the care provided was able to improve the patient’s health and
well-being, resulted in a positive experience, and, most important, achieved
the desired outcomes. According to corporate strategy expert Michael
Porter, “rigorous, disciplined measurement and improvement of value is the
best way to drive system progress”;? he also asserts that healthcare, even
now, remains largely unmeasured and therefore misunderstood. Activities
that add value to a patient’s visit (known as “value-added” activities) must
meet the following three criteria:*

1. The customer (or patient) must be willing to pay for the stated activity
(or activities) being performed.

2. The activity must in some way transform the product or service being
provided.

3. The activity must be completed properly on the first attempt and achieve
the desired outcomes.

The concept of value-added is one way to measure how much of an
activity directly contributes to an outcome versus how much is “non-value-
added,” or waste. Non-value-added activities are those that do not directly
contribute to the outcome in a significant way except perhaps to delay
it. Inefficient processes and workflows negatively impact outcomes, slow
down patient flow, may cost more, and result in poor patient satisfaction.

(In some jurisdictions such as those with publicly funded healthcare
insurance, patients do not pay directly for many healthcare services. In
these cases, the concept of “paying” for service includes other healthcare
rationing methods, including waiting. Although patients may not have to
pay out-of-pocket for a service, how long they need to wait for a particular
service or procedure becomes a measuring factor of value.)

Value is always defined in relation to a customer—that is, whether the
customer experienced value or not. When one thinks of the “customer” in
healthcare, the patient immediately comes to mind. But there are many other
examples of customer relationships in healthcare; in fact, any interaction that
involves some combination of healthcare provider, unit, department, or service
and the exchange of information, material, and/or patients can be considered
a customer relationship and examined as such. For example, the emergency
department may be considered a customer of the diagnostic imaging depart-
ment when emergency patients are sent for X-rays or other imaging tests.

Value = (Outcomes) / (Cost)
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According to Porter, value can be quantified by the ratio of desired
outcomes relative to cost (as illustrated in the previous equation).” This
representation helps to ensure that value is measured relative to the outcomes
achieved via service delivery, not simply by volume of services provided.
Porter states that outcomes are condition-specific and multidimensional—
that is, no single outcome can capture the results of care. Costs, according to
Porter, are the sum of costs for the full cycle of care for a patient’s medical
condition, and are not the cost of individual services provided.

Also related to value is patient satisfaction. For a variety of reasons, rang-
ing from long wait times to a doctor’s perceived poor “bedside manner,” all
aspects related to the treatment of a patient could be done technically correct
yet the patient might not be totally happy with his or her experience. Given
how quickly word of bad healthcare experiences can spread on social media
and negatively impact the reputation of an HCO, it is vitally important for
HCOs to identify and rectify the causes of poor patient satisfaction.

Table 4.1 highlights some examples of value-added and non-value-
added activities that can be found within healthcare. For example, interact-
ing with a healthcare provider or receiving treatment may be considered
adding value to a patient’s experience, whereas sitting idle in a waiting
room waiting to be seen or suffering through repeated blood draws due
to botched testing or faulty equipment is most definitely 7ot adding value.

RATIO OF VALUE-ADDED TO NON-VALUE-ADDED ACTIVITY

As a general rule of thumb, somewhere between 5 percent and 20 per-
cent of activity in healthcare can be considered value-added, whereas
the remainder is considered non-value-added.

TABLE 4.1 Examples of Value-Added and Non-Value-Added Activities in Healthcare

Role Value-Added Activity Non-Value-Added Activity

Diagnostic imaging  Performing an X-ray Waiting for porter to deliver
technician patient to diagnostic imaging unit

Patient Being assessed or Waiting to be seen by a clinician

treated by a clinician

Laboratory Performing a lab test Returning a requisition that is not
technician completed properly or adequately

Nurse Assessing or providing  Double-documenting on

treatment to a patient computer and paper
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One objective of healthcare improvement activities is to maximize
the time that healthcare workers spend doing value-added activities while
reducing the number of barriers to efficiency that result in non-value-added
activities. When developing healthcare indicators, targets, and analytics
that monitor and evaluate value, include both value-added activities and
non-value-added activities. Examining just one type of activity or the other
will not provide a complete picture of performance. For example, one mea-
sure of performance is a patient’s time with a physician (considered to
be value-added). If a physician is spending more value-added time with
patients but this activity is resulting in an increased time befween patients,
which may result in fewer patients being seen per day, this performance
change may not have the desired net effect. Effective use of analytics can
help to ensure that improvements in one aspect of quality and value do not
have a negative impact on other areas.

Tip

Consider both value-added and non-value-added activities when design-
ing analytics for quality and performance improvement.

Improving a System

HCOs fit the classic definition of “system,” which is a “group of interact-
ing, interrelated, or interdependent elements forming a complex whole.”
Healthcare consists of many types of organizational units that range from
major facilities such as hospitals to physicians’ practices. Most healthcare
facilities themselves consist of many departments, units, programs, services,
and administrative functions within a single facility. And some HCOs consist
of many individual facilities.

In addition to the myriad departments, services, and facilities within an
HCO, it is necessary to take into account the many ways in which an HCO
needs to measure quality, and how these quality measures are to be used.
Even top-performing HCOs are very unlikely to achieve high quality in
every aspect of their performance. And due to many dynamic environmen-
tal variables such as changing demographics, patient needs, and staffing, a
high-performing HCO may experience a gradual (or sudden) deterioration
in performance if its policies and workflows are not kept up to date or are
not robust enough to accommodate such changes.

The complexity of healthcare demands that a robust approach to
measuring quality be followed. As discussed above, it is entirely possible
that “improvements” in one area of healthcare can actually negatively
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FIGURE 4.1 Three Components of Healthcare Quality Measurement

impact care in another. For this reason, healthcare quality and perfor-
mance must be looked at from multiple perspectives; one approach is
to consider healthcare from the perspectives of structure, process, and
outcomes.”

As Figure 4.1 illustrates, these three elements—structure, process, and
outcomes—form a continuum of quality measurement. Ultimately, “process
measures must be linked to outcomes if they are to be effective measures of
quality.”® Patient outcomes (and other quality measures) depend on which
processes and workflows are performed, how efficient and effective they
are, and how well they are performed. The structure of an HCO (that is,
the management, policies, and resources) will determine the organization’s
ability to innovate and to adopt and sustain the most efficient and effective
processes and workflows possible. Without all three types of measures, only
an incomplete evaluation of quality is possible within an organization.

STRUCTURE The “structure” of healthcare includes what are considered to
be relatively stable aspects: healthcare delivery, including the various tools,
technologies, and other resources available; the physical environment/
surroundings in which the providers of healthcare work; and the overall
organizational features (such as policies and management), all of which can
promote high quality and optimal performance or hinder it.

Although the extent and impact of structural elements such as “leader-
ship” and “policies” can be challenging to quantify and link to processes
and outcomes, structural elements that can be quantified can be very useful.
Structural elements that fall into the latter category include:

= Number of funded intensive care unit (ICU) beds
= Specialty trained physician coverage in ICU
= Number of CT scanners and their availability

Structural information is very often used to provide context to other
healthcare performance data. For example, increases in lab test turnaround
times that occur during certain times of day or certain days of the week
may in fact be due to structure-related issues such as a reduced number of
technicians. Structure-related measures help when comparing performance
between units or sites. For example, two emergency departments may see
similar numbers of patients in a day and experience similar lengths of stay,
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but if one hospital is operating with fewer beds or more physicians, that
information is important to consider.

PROCESS Processes are the various activities performed by healthcare pro-
viders and the interactions between healthcare providers and patients (and/
or their family members) in the course of providing medical care to the
patient. Processes are very often where HCOs begin with quality and per-
formance improvements. There are several reasons for this. First, processes
can be relatively easy to measure. Traditionally, QI activities would consist
of time-and-motion studies where key time intervals in a process could be
measured. These measurements would form baseline performance data,
against which improved processes could be measured.

Healthcare information technology now makes the collection and anal-
ysis of time-and-motion data much more convenient. Many clinical sys-
tems (such as electronic medical records [EMRs]) capture well-documented
patient trajectory data throughout a healthcare encounter. Table 4.2 pro-
vides examples of the type of data that can be used for analysis of processes
likely available on EMRs and other electronic clinical systems.

Tip

When developing analytics for performance monitoring and QI, be sure
to include relevant structure, process, and outcome measures.

TABLE 4.2 Examples of Process Data

Process Process Data
Emergency department Time of arrival at emergency department
registration Time of registration start

Time of registration completion
Registration clerk name/ID

Patient X-ray Time X-ray test requisted
Type of X-ray requested
Clinical provider requesting X-ray
Time of porter arrival for pickup
Name/ID of porter
Time patient leaves department for X-ray
Time of X-ray start
Time of X-ray completion
X-ray room used
Name/ID of X-ray tech
Time patient returns to department
Time X-ray images available for viewing
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For More Indicators

There are indicator sets published by various governmental and other
healthcare-related agencies. These indicators are constantly evolving as
information systems and needs of healthcare change. Please visit this
book’s web site, http://HealthcareAnalyticsBook.com, for links to the
most current healthcare indicator sets, such as the Healthcare Effective-
ness Data and Information Set.

OUTCOMES An outcome is an individual, quantifiable endpoint that is
focused on the patient. Examples of types of outcomes include:

= Morbidity

= Mortality

= Readmission
= Length of stay

As the results of care, outcomes are an endpoint of a treatment or other
process and typically are what is of main concern to the patient. According
to Porter, health outcomes should:’

= Include health circumstances most relevant to patients
= Cover both near term and longer term
= Consider risk factors or initial conditions to allow for risk adjustment

When developing analytics for quality measurement, be sure that all the
necessary and appropriate outcomes are considered. Keep in mind that a
set of outcomes exist for any medical condition or primary preventive care.
Because healthcare is complex, some outcomes may even be in conflict
with one another and therefore need to be weighed against one another.

Structure, Process, and Outcomes

Consider the example of a hospital surgical unit when putting these three
aspects of quality together. Elements of the structure include the number
of surgeons, nurses, and operating rooms, plus the various technologies
available, and administrative and medical policies under which the pro-
viders must practice. The process elements are those that measure per-
centage of on-time starts. Finally, examples of outcome measures include
the rate of critical occurrences and the mortality rate from surgery.



http://HealthcareAnalyticsBook.com

Overview of Healthcare QI 59

When reporting structure, process, and outcome data over the same
time period, be aware of the risk associated with lagging indicators. A lag-
ging indicator is one that shows a response at some time after a situational
or systemic change. For example, suppose improved hospital discharge
processes result in patients getting home from hospital sooner; process
indicators will show lower hospital lengths of stay shortly after implemen-
tation. Shorter hospital stays, however, may result in some patients being
discharged too early who may need to return to the hospital; the recidivism
rate, an outcome measure, will also show an increase, but likely after some
time period, given that rates of recidivism are relatively low and would take
time to manifest in the data. Because of this, the change in the outcome
indicator may not be apparent until some time after the process indicator
shows a change. This is why it is important to continue to monitor both
process and outcome indicators after an improvement activity, to ensure
that positive process changes and resultant positive outcomes are sustained,
and that any hint of increased negative outcomes is detected.

Overview of Healthcare Ql

Most HCOs are continually striving to improve quality out of both desire to
become better and necessity (because quality is a constantly moving target).
The environment in which HCOs operate is in a continual state of flux, with
many issues that must be faced, including:

= External challenges (such as regulatory changes and financing issues);

= Internal challenges (including human resource management);

= Changing needs of patients (due to an aging and/or increasing popula-
tion); and

= Technology (that can be both practice-changing and lifesaving but may
also be expensive).

This constantly changing environment requires HCOs to be always
adapting, innovating, and improving, because what worked just fine yes-
terday may be considered irrelevant or obsolete tomorrow. But what does
“improving healthcare” mean, and what does it require? And are all changes
and innovations necessarily improvements? How can we tell?

Healthcare QI has been described as “better patient experience and
outcomes achieved through changing provider behavior and organization
through using a systematic change method and strategies.”'’ Healthcare QI
can also be considered as “systematic, data-guided activities designed to
bring about immediate improvement in health care delivery in particular
settings.”!!
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What is important about healthcare QI is the focus on patient experi-
ence. After all, the patient is the primary customer of the healthcare system,
and the only reason the system exists in the first place. Patients should not
be viewed as passive “recipients” of healthcare but rather as individuals
who can and should expect high-quality service and care. The statement
above notes that healthcare improvement is brought about by “changing
provider behavior and organization” and recognizes that it is the providers
of healthcare that must improve their processes and activities to help ensure
a better patient experience. Finally, the statement recognizes that change in
provider behavior and organization requires “a systematic change method
and strategies”—that the changes required do not and cannot occur without
a concerted effort to identify what needs to be changed and a structured
approach to bring about that change.

Using Systematic QI Methodologies

If QI requires a systematic change method, what methods are the most suc-
cessful HCOs engaged in to achieve high levels of quality?

Many, if not most, successful HCOs employ an established improve-
ment or management methodology. There are many of these approaches
used in healthcare today, including Lean, Six Sigma, total quality manage-
ment, constraints management, and numerous variants (such as Lean Six
Sigma). Although these frameworks differ in their philosophies, tools, and
methods, they are similar in that they provide a structured approach for
improving quality and performance within a complex organization.

For More Information

Please visit this book’s web site, http://HealthcareAnalyticsBook.com,
for links to more resources and references about the QI methodologies
mentioned in this book.

How Information Guides Improvement Activities

One commonality of all healthcare quality efforts is their requirement for
information in order to be successful. Modern healthcare improvement
requires accurate, timely, and readily available information through almost
every phase of a quality and performance improvement initiative. The use
of analytics helps to distill data into information that is relevant for a given
improvement initiative and usable by QI teams to gauge effectiveness of
their efforts.
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One of the benefits offered by analytics is the capability to augment
management reports and dashboards with deep insight into past, current,
and even future performance. Some of the insight available from analytics
tools includes determining if processes are in control or not (from a statisti-
cal process control perspective), determining if changes over a period are
merely random variation or in fact statistically significant, and predicting
what future performance might be.

One reason that some healthcare improvement initiatives fail is the
lack of initial baseline assessment and ongoing evaluation and follow-up.
Interestingly, there is a tendency to assume that changes introduced into
healthcare processes, workflows, and systems actually will have the desired
effect, and that changes in quality or performance can be monitored with
the same reporting mechanisms with which performance deteriorated in the
first place. This is not the case.

Analytics can help determine if changes detected in performance indi-
cators are merely due to chance, or represent actual (and sustained) change.
Changes in performance indicators (both negative and positive) need to be
communicated to leaders, quality facilitators, and frontline staff in a timely
manner. This timely intelligence is important so that midcourse corrections
to workflows can be implemented, if necessary, or to confirm that changes
are having the desired effect.

Without the relevant and rapid analysis and feedback that is possible
with business intelligence and analytics, evaluations are often performed
too late to allow for effective midcourse corrections. If poor performance is
not detected in time, it is possible for additional poorly designed processes
to become ingrained within a unit, department, program, or entire enter-
prise. Without a robust system in place to evaluate the impact of changes to
processes, the true effect of such changes can never be known.

Tip

It is a basic tenet of QI that you can’t improve what you don’t measure.

Common QI Frameworks in Healthcare

Many of the current causes of healthcare inefficiency have evolved over
time through the adoption of ad hoc process changes, workarounds, and
decisions based on gut feeling, not evidence. In fact, many of the work-
arounds impeding quality today were likely at one time lauded as heroic
measures demonstrating a “can-do” attitude, but now only contribute to the
tangled web of inefficiency and waste.
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To achieve quality and performance improvement requires careful plan-
ning, methodological change, and persistent follow-up and evaluation. The
discipline required to follow a structured QI approach is one of the most
challenging cultural changes for an HCO to overcome. Healthcare profes-
sionals pride themselves in being action-oriented problem solvers; such
behavior, when misdirected, is how much of the inefficiency gets intro-
duced into healthcare in the first place.

To overcome haphazard improvement efforts and stubborn barriers to
improving quality, many HCOs are turning to proven QI frameworks or
methodologies to provide the disciplined approach required to understand
the scope of a problem, to develop and implement solutions, and to evalu-
ate outcomes of the changes.

A QI framework provides the tools, methods, and management phi-
losophies required to drive improvement efforts and to achieve the desired
improvement goals of the organization. QI activities typically are led by
an experienced facilitator, and participants include knowledgeable subject
matter experts, some of whom are experienced with QI initiatives and oth-
ers with no such experience. QI teams tend to be assembled for a specific
project (requiring specific subject matter expertise), and disbanded as proj-
ects are completed and other teams form up for new initiatives.

There are many QI frameworks used within healthcare. Some are pro-
prietary to an individual or corporation, some are homegrown within a
HCO, and some are generally in the public domain (although some propri-
etary “flavors” of several public-domain methodologies exist). Many of the
most common QI frameworks have their genesis in other industries, such
as manufacturing and aerospace, and have since been adapted for use in
healthcare.

Using quality frameworks that have been proven in other industries
has allowed the healthcare practitioners of these quality methodologies to
learn from what has worked well elsewhere and decide upon approaches
that will likely have the greatest impact on and probability of success in
healthcare. For the purposes of this book, three of the QI methodologies
commonly used in healthcare today will be discussed:

1. Plan-Do-Study-Act (PDSA)
2. Lean
3. Six Sigma

See Table 4.3 for a high-level summary of these QI methodologies.

There are many considerations that HCOs account for when deciding
upon which of these QI methodology to use. QI methodologies are not
one-size-fits-all, and the decision of which methodology to use is situational
and dependent on several factors. For example, PDSA might be well suited
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TABLE 4.3 Comparing Common Improvement Methodologies

Methodology Approach to Improvement Process Overview
PDSA Conducting experiments and testing Plan
improvements iteratively on a local, Do
small-scale basis. Study
Act
Lean Eliminating waste, improving Identify value
flow, maximizing value-added Identify value stream
and minimizing non-value-added Flow
activities. Pull
Perfection
Six Sigma Reducing variation and eliminating Define
deviation in processes. Measure
Analyze
Improve
Control

for implementing a new patient scheduling process but might be inad-
equate for an initiative to reduce hospital-acquired infections, which may
require a methodology with more analytic and process design rigor.

Many volumes have been written that cover each of these methodolo-
gies in complete detail. Within the limits of this book, only the essentials
of each methodology are presented with the intent of illustrating how
different methodologies can work in concert to address the problems of
healthcare. This section will also discuss how analytics can be applied to
improve how information is consumed by QI teams and other stakeholders
working to improve healthcare quality and performance.

The following sections will look at how the PDSA, Lean, and Six Sigma
improvement methodologies are used in healthcare, describe some of
their key features, and discuss how analytics can play an important role in
improving the capabilities of teams using these methodologies to plan bet-
ter projects and to perform more in-depth and more accurate evaluations.

Plan-Do-Study-Act

PDSA is a common approach for improving processes in healthcare (and
other industries). Also known as Plan-Do-Check-Act (PDCA), the basic
premise is to encourage innovation by experimenting with a change in pro-
cess, studying the results, and making refinements as necessary to achieve
and sustain desired outcomes. PDSA is considered a staple of healthcare
QI; for example, PDSA is a central tenet of the United Kingdom’s National
Health Service QI framework.!?
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FIGURE 4.2 Plan, Do, Study, Act (PDSA) Cycle

PDSA begins, as do all QI activities, with a clearly defined goal. That is,
the problem being addressed must be clearly defined, and the desired out-
comes should be established as targets. Once these are in place, the PDSA
cycle, as illustrated in Figure 4.2, proceeds as described next:

1. Plan. Start by planning the changes to a process that are to be imple-
mented and tested.

2. Do. Proceed with carrying out the plan and making the desired chang-
es to the specified process.

3. Study. Review the impact and outcomes of the implemented changes.
What were the results of the process changes; were the anticipated out-
comes achieved?

4. Act. Determine if the changes can be implemented as is, or if further
cycles are necessary to refine the approach.

HCOs can utilize the PDSA approach as a stand-alone approach, or
within other QI methodologies. For example, during Lean Rapid Improve-
ment Events (where teams spend focused time experimenting with ways
to reduce waste and inefficiency), teams may conduct several PDSA cycles
throughout the event as new processes are tried, evaluated, and improved.

PLAN During the PDSA “Plan” phase, ensure that the problem is well
defined and desired outcomes have been decided upon. Having a clear
problem statement or project aim helps to maintain the team’s focus on
what is to be accomplished. To be effective, improvement aims should be
framed in time-specific and measurable terms that define which specific
populations of patients are going to be affected.
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Appropriate metrics need to be decided upon by the time the planning
phase is completed. Effective metrics are what the PDSA teams use to see
if a change actually occurred. Metrics help to answer the question, “How
will we know that a change is an improvement?” and the measures should
be directly related to the improvement aim statement or the objective of the
PDSA.

When defining the metrics for a PDSA cycle, ensure that the data used
for establishing the impact either is already available or it will need to
be somehow obtained. HCOs with comprehensive EMR (or other clinical
systems) in place will likely be able to leverage existing data to measure
performance. Organizations without the benefit of preexisting data sources
will need to consider how to capture the data required. This plan to collect
data needs to include who will be responsible for the data capture, how it
will be captured, when it will be captured, and of course, what it is that is
going to be manually captured.

Tip

Don’t limit your PDSA (or any other QI initiative) efforts only to those
areas and/or processes for which there is available electronic data.
Although manual collection of data may seem anachronistic (especially
when mentioned in a healthcare analytics book!), manual collection in
many cases is not prohibitively cumbersome (requiring only a few data
points collected each day), and may lead to real performance improve-
ments. Process changes likely to yield significant results with a reason-
able effort—"low-hanging fruit"—may be located in processes or areas
of healthcare that have not undergone the sometimes intense scrutiny
associated with having installed an EMR system.

DO The actual implementation of and experimentation with process
changes occurs during the PDSA “Do” phase. In addition to making chang-
es to processes and procedures, data collection and initial analysis occur
during this phase. If manual data collection is required, that is done with
the frequency and on the appropriate form specified in the data collection
plan.

If electronic data is available, initial evaluation of this data should
include checking to ensure that the metrics and reports defined and utilized
for the initiative are sensitive to the changes being made in the process. In
other words, determine whether the right things are being measured in the
right way.
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During this phase of a PDSA cycle, information can be communicated
to project team members and stakeholders via project dashboards and
regular reporting. Early analysis of data is critical in order to implement
midcourse changes early in a project. Such midcourse corrections may be
necessary if metrics and other data are not sensitive to the changes being
made, or if changes being made are not having the desired effect—whether
because the outcomes are not as strong as desired, or because the changes
are having a negative impact.

STUDY The “Study” phase is where the bulk of the analysis occurs in a PDSA
cycle. At this point in the cycle, QI teams will analyze the data in more detail
to determine whether a change has occurred, and what the magnitude of
the change actually is. In PDSA cycles, run charts and statistical process control
charts are commonly used to monitor trends in performance and to detect
changes in outcomes. It is also common to use statistical testing to detect
changes in performance. For example, a /-test or an ANOVA might be an appro-
priate statistical test to detect whether a change is statistically significant (that
is, whether the observed results are likely to have occurred purely by chance).
In fact, both the charting and statistical approaches can be used in a comple-
mentary fashion to identify whether an improvement has indeed occurred. See
Chapter 9 for a discussion of statistical and control chart principles.

ACT The last step in a PDSA cycle is “Act,” where a decision is made about
what to do next based on what is learned in the Study phase. There are
three general outcomes of a PDSA cycle:

1. The change is successful—targets and goals have been met; no further
testing required.

2. The changes are promising—process is closer to achieving goals and
targets, but further revisions and experimentation are necessary.

3. The changes are not successful, and are not promising—a different
approach to addressing the problem is necessary; different opportuni-
ties or approaches should be pursued.

In the event of a successful change that is meeting performance
targets, the project team has identified a solution to a quality or perfor-
mance issue, has utilized available data and analytics tools to determine
that the changes were successful, and has achieved the desired out-
comes. In the event of a successful PDSA, the work is not immediately
over. To maintain momentum and ensure that the changes are sustained,
the team must develop and implement a long-term process monitoring
and evaluation plan. Ongoing monitoring is used to alert the HCO if pro-
cess performance begins to deteriorate. If deterioration is caught early,
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actions can be taken to reverse it and maintain optimal performance
levels.

SUMMARY OF PDSA PDSA cycles are perhaps the most commonly used
QI approach in healthcare. Many nurses and other clinical providers are
familiar with PDSA, having been taught it in nursing or medical school, and
with many HCOs having adopted PDSA as a standard QI approach. PDSA
can be a powerful tool that healthcare QI teams can use to address issues
of importance. One common complaint of PDSA, however, is that PDSA
cycles tend to be too localized—that is, engaging exclusively in PDSA may
result in HCO fixing many little problems while still not addressing greater
overall issues.

Lean

Lean is a proven QI methodology with a successful track record in health-
care. Although largely developed in other industries, and perhaps made
most famous in the automobile production industry as the Toyota Produc-
tion System, Lean nonetheless has been gaining ground in healthcare as a
QI methodology.

Some healthcare practitioners seem to be biased against Lean because
of its roots in manufacturing—that somehow by adopting Lean we are view-
ing healthcare as no more than an assembly line. Nothing could be further
from the truth, given that Lean is focused on maximizing value for the
patient and reducing inefficiencies and waste in the delivery of healthcare.

The Lean Enterprise Institute, one of the leading organizations in the
promotion of Lean in healthcare, states that Lean is “a set of concepts, prin-
ciples, and tools used to create and deliver the most value from the custom-
ers’ perspective while consuming the fewest resources and fully utilizing the
knowledge and skills of the people performing the work.” Another way
of looking at Lean is that “Lean thinking helps to identify the least wasteful
way to provide better, safer healthcare to patients—with minimal delays.”"

At its root, Lean is a systematic process of identifying and eliminat-
ing waste and evaluating improvements. A common misconception that
many healthcare professionals have of Lean, however, is that it used only
to find ways of “doing more with less,” that is, to streamline processes only
eventually to eliminate clinical or other staff positions. This opinion tends to
erect barriers, because most healthcare professionals already feel they are
working as hard as they possibly can and that they already make do in less
than ideal conditions and with fewer than ideal resources.

What many healthcare practitioners don’t realize is that by reducing
waste and inefficiencies in healthcare processes, Lean improves the work
environment by reducing and eliminating barriers to providing safe and
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effective care to patients. The bottom line is that Lean helps to reduce the
chaos and overworked feelings of healthcare providers by finding them
more time to focus on the good work they already do and provide more
value for the patient.

An important concept of Lean is the value stream map (VSM). Similar in
concept to other forms of process mapping, VSMs identify both the amount
of time that each step in a process takes and the amount of waiting time that
occurs between steps in a process. VSMs invariably illustrate how most of
the time a patient spends within a healthcare facility is actually spent wait-
ing for the next step in a process to occur.’” From the patient’s perspective,
this is wasted time and not value-added.

Lean has at its core the philosophy of identifying the least wasteful
ways to provide value to patients; to support this philosophy, there are
many tools associated with Lean—the benefit of its having evolved through
many industries over the last several decades. The tools are commonly used
by Lean practitioners to structure QI activities, to identify root causes of
problems, and to develop and communicate standard work, among other
tools. Although there are many tools associated with Lean, successful Lean
initiatives require more than simply using a collection of tools.

The Tools of Lean

Please visit this book’s web site, http://HealthcareAnalyticsBook.com,
for links, resources, and references about the many Lean tools available.

The two major components of Lean in healthcare are a management
system and a set of tools. Because Lean requires strong organizational sup-
port from the top on down in order to be successful, the management
system exists to ensure that the corporate culture essential to Lean is in
place. Lean management tools help build organizational commitment to
innovation and experimentation, promote the ideals of providing value to
patients, and reduce the fear of a failure in the name of learning. The Lean
management system provides a framework for effectively guiding improve-
ment activities from initial project conception and problem identification
through to evaluation and sustainment while keeping the focus on provid-
ing value to the patient.

THE FIVE PRINCIPLES OF LEAN There are five key principles specific to Lean
that practitioners adhere to on improvement initiatives: specify value, iden-
tify the value stream, flow, pull, and perfection.’® These five principles help
HCOs to identify and eliminate waste and efficiency within their processes,
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and to redesign the processes to maximize flow and value. These principles
of Lean are described next from a healthcare perspective:

1. Specify value. Value derived from a process must always be defined
from the end customer’s perspective and in relation to a specific prod-
uct or service. In healthcare, the primary customer is the patient, but
many other customer relationships exist (such as a physician being a
customer of the hospital laboratory).

2. Identify the value stream. Map all the steps that are required in order
to deliver the product or service to the customer. For example, mapping
an elective surgery value stream would involve defining all process
steps (including time intervals and other critical variables) from when a
decision is made to book a surgery to the time the surgery is performed.

3. Flow. Once a value stream has been mapped out in detail, the next
step is to identify all wasteful (or non-value-adding) steps in the pro-
cess such that all remaining value-adding steps flow with a minimum of
interruptions, errors, and delays.

4. Pull. After flow is improved, it can be further enhanced by imple-
menting a “pull” system based on patient need/demand. With a well-
functioning pull system, diagnostics such as lab and imaging are always
available when the patient requires these diagnostics (not at the con-
venience of the service provider), or when hospital admissions from
emergency occur quickly after the need for admission is identified, not
after some delay-inducing screening process.

5. Perfection. As waste and inefficiency are removed from the value
stream, and as the proportion of value-added activity increases, return
to the first step and continue until no waste exists.

These five principles are fundamental to the Lean approach to improv-
ing healthcare quality and performance. The iterative nature of these prin-
ciples underlies the commitment that Lean requires to the ongoing pursuit
of perfection, and that Lean is a journey that HCOs embark upon. The term
“Lean Thinking” is used because all staff should at all times be identifying
inefficiencies within their scope of work and thinking of ways to reduce or
eliminate that waste.

THE EIGHT WASTES OF HEALTHCARE = Always examining healthcare processes
in the relentless search for waste and inefficiencies can be an extremely
daunting task. To the uninitiated, even knowing where to begin can be a chal-
lenge. Because of this, the different types of waste (muda in Japanese) have
been conveniently grouped into eight categories. These categories provide
healthcare QI teams a valuable framework with which to more easily identify
waste and inefficiencies within processes, and hence to identify more easily
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TABLE 4.4 Summary of the Eight Wastes of Healthcare

Waste Description
Unnecessary The many physical steps needed to gather equipment,
motion confirm instructions/orders, and organize the treatment
space to care for the patient.
Unnecessary Excess movement of people (patients), supplies, forms, and
transportation information throughout a facility.
Defects and Time spent doing something incorrectly, inspecting for
errors errors, or fixing errors.
Waiting Time spent waiting for the next event to occur or the next
work activity.
Inventory Any supply in excess of the absolute minimum requirements
necessary to meet customer demand.
Processing Extra effort that adds no value to the service being provided

waste from the patient/customer point of view. Can occur when
the patient is unnecessarily queried or reassessed by
multiple providers.

Doing more than what is needed by the patient, or doing it
sooner than is required.

Any situation in which people are not utilized to the utmost
of their skills/ability to add value to processes.

Overproduction

Unused human
potential

opportunities for improvement. Table 4.4 lists the eight wastes in healthcare,
and provides a brief descriptive example of each.

SUMMARY OF LEAN The Lean approach of methodically identifying and
removing waste from clinical processes, combined with a framework for iden-
tifying muda and the many tools available for problem solving and process
optimization, is a very powerful toolset that many hospitals and other HCOs
have used to obtain significant quality and performance improvements.

An analytics challenge associated with Lean is that data from clini-
cal systems rarely explicitly captures value-added/non-value-added time
and data associated with waste. For example, in the clinical systems I
have seen, there has never been an entry field for documenting unneces-
sary motion. Analytics teams must work with process and subject matter
experts to identify proxy measures that can be used to estimate some
of these values. For example, time intervals between processes such as
assessment and X-ray may be used as a proxy measure for waiting. When
system data is clearly not available, it may be necessary to manually
observe processes for a time to manually document critical process-related
data. It is important that a lack of data never be used as an excuse to not
undertake a QI initiative.
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Six Sigma

Six Sigma is another QI methodology that is used in healthcare. In fact, Six
Sigma is often used together with Lean to provide a rigorous QI approach.
Six Sigma was originally developed in 1986 by Motorola as a set of tools
and strategies for improving processes, but was arguably made famous by
General Electric after it won the Malcolm Baldrige National Quality Award,
one of the most prestigious awards for achieving quality, in 1988.

Whereas the goal of Lean is to eliminate waste while improving value
to the customer, the approach taken by Six Sigma emphasizes the use of
information (or management by facts) and statistical analyses to rigorously
and routinely measure and improve an organization’s performance, prac-
tices, and systems. With this approach, the goal of Six Sigma is to reduce
the occurrence of defects or errors from their current level within an HCO
to the Six Sigma standard of 3.4 defects or errors per million opportunities
(or DPMO). To put this in perspective, some estimates are that a typical
HCO has an error rate between 2,700 and 45,500 (3 and 2 sigma) errors per
million opportunities.'”

Six Sigma has many variations and has been adopted by and integrated
into a wide variety of organizations in myriad industries. Although Six Sigma
may vary in how it is utilized within an organization, it has several defining
factors that all implementations should have in common. Most Six Sigma ini-
tiatives can be considered to have the following five elements in common:*®

1. Intent. Six Sigma initiatives are undertaken with the intent to achieve
significant improvement in a short time period.

2. Strategy. Six Sigma can be applied throughout an HCO as a corporate
strategy for improvement, but can also be applied where appropriate at
the tactical level on individual projects.

3. Methodology. Although a few Six Sigma methodologies exist, the most
common is DMAIC (Define, Measure, Analyze, Improve, and Control).

4. Tools. The Six Sigma methodology consists of numerous tools. These
fall into categories, including requirements gathering (Kano’s modeD),
statistical analysis (#-test and ANOVA), and experimentation. Some tools
were designed for Six Sigma, while others (like most of the statistical
methods) have been adopted into the methodology.

5. Measurements. Three of the most common measurements used in Six
Sigma are DPU (defects/errors per unit), DPMO (defects per million
opportunities), and Sigma level.

As mentioned above, perhaps the most common Six Sigma methodolo-
gy used in healthcare is DMAIC, which stands for define, measure, analyze,
improve, and control (see Figure 4.3).
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FIGURE 4.3 Six Sigma DMAIC Process

The five phases of the Six Sigma DMAIC methodology constitute a
structured and rigorous approach to identifying opportunities for improve-
ment. The DMAIC methodology is described in more detail in Table 4.5.

The five stages of DMAIC are effective because they are rigorous and
must be followed in the prescribed manner. Achieving Six Sigma levels of
performance requires significant changes to occur in a process, and there-
fore Six Sigma is not something that can realistically be undertaken on a
part-time basis—it takes a real commitment on the part of management and
project teams to make Six Sigma work. Six Sigma is the most statistically
intensive of the three methodologies discussed in this section; because of
the various statistical and other analysis tools and techniques associated
with it, there are training and certification programs such as Green Belt or
Black Belt that enable Six Sigma practitioners to learn about and understand

TABLE 4.5 Six Sigma DMAIC Methodology

Stage Description

Define Clearly identify and state the problem or issue that is the focus of
the QI activity, and outline the scope of the project. Determine what
are the critical requirements of and key benefits to the customer.
Agree on which process is to be improved, and on the plan to
achieve those improvements.

Measure Review all available data and measure the extent of the quality
or performance problem (defects, errors, deviations) and obtain
baseline performance information.

Analyze Study the root cause(s) of the problem and develop potential
solution alternatives based on the root cause. Tools include the
Ishikawa (or fishbone) diagram for determining root causes and
FMEA (failure modes and effects analysis).

Improve During this phase, alternative processes are developed to help
achieve the required outcomes. These possible alternatives are
evaluated based on potential impact on the outcome, with the
selected improvement demonstrating (via statistical analysis) the
highest likelihood of achieving “breakthrough performance.”

Control During this phase, the project team ensures that improvements are
sustained by taking ongoing measurements and conducting ongoing
communications, reviews, and training on the new process.
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these various tools and apply them appropriately. See Chapter 9 for a sum-
mary of several of the statistical and graphical analysis techniques that are
commonly used with Six Sigma.

Working with QI Methodologies

By no means are PDSA, Lean, and Six Sigma the only improvement meth-
odologies that are effectively used in HCOs. But these and the other meth-
odologies all recognize one basic fact: healthcare improvement is nearly
impossible without a structured, comprehensive, and robust methodology
to identify and rank improvement opportunities, map out and improve
processes, and evaluate outcomes. Many HCOs that are struggling with
healthcare quality are doing so because they are not approaching health-
care improvement in a methodical way.

The benefit of having multiple improvement methodologies from which
to choose means that HCOs can find the tool that best matches the needs
of a particular type of quality or performance problem. The challenge, of
course, is determining what that best fit is. The further challenge for analyt-
ics is to deliver on the information needs unique to a methodology.

It is also true that all serious improvement methodologies require data
throughout the entire project life cycle—from deciding what the improve-
ment priorities are to knowing when to turn attention to other issues. The
true value of analytics is in providing the practitioners of structured QI
methodologies with solid evidence and deep insight not only into how
healthcare is performing, but why it is performing the way it is.
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CHAPTER 5

Data Quality and Governance

1t is a capital mistake to theorize before one bhas data.

—Sir Arthur Conan Doyle

Healthcare leaders and quality improvement (QD) teams rely on having the
best possible evidence on which to base decisions and evaluate quality
and performance. The best possible evidence requires effective and accu-
rate analytical tools able to provide understanding and insight into qual-
ity and performance based on data. In other words, without good data,
analytics and the evidence it provides is likely to be suspect. Having good
data for analytics and QI begins with effective management of data. This
chapter will focus on how IT and QI teams can work together to ensure
that a data infrastructure is available to support quality and performance
improvement teams with the high-quality and highly accessible analytics
they need.

Data is not a static asset within a healthcare organization (HCO). Peo-
ple unfamiliar with how data is managed in an organization may only con-
sider data to be something that is entered into a computer system and sits
in a database until subsequently reported on for management purposes. In
addition to being a very valuable asset to an HCO, however, data is in fact a
very dynamic asset within an HCO. As new information systems are adopt-
ed, and analytical requirements evolve, the underlying infrastructure and
management of data must also evolve. The four main activities associated
with maintaining a data system that supports the needs of an HCO (or any
large organization) consist of data modeling, data creating, data storage,
and data usage.!

1. Data modeling. No healthcare analytics is possible without data, and
no data storage is possible without a data model. A data model is a

75
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“wayfinding tool for both business and IT professionals, which uses a
set of symbols and text to precisely explain a subset of real information
to improve communication within the organization and thereby lead to
a more flexible and stable application environment.”? Data models have
also been described as “what ties human thinking with computer pro-
cessing [and] provides a blueprint for database and application system
design.”

2. Data creating. Data is created through the day-to-day operations of
providing healthcare, but can also be obtained from other sources
including other organizations. Data at this stage can be considered the
raw material that becomes information after additional processing and
analysis.

3. Data storage. When data is obtained or created, it must be stored
in a database. Data may be reformatted or otherwise transformed to
improve the efficiency of the database, or to make data more accessible
to information users. With data storage comes the need for protection
of the data; healthcare data must be securely stored to prevent unau-
thorized access and to protect the privacy of the individuals whose
information is stored.

4. Data usage. The main purpose of creating and storage data, of course,
is to use it. Analytics is one of the primary ways in which HCOs can
use data to enhance decision making and to help achieve quality and
performance improvement goals.

These four key activities do not, and cannot, operate in isolation; to
ensure that a high-quality and secure data infrastructure is available for
decision makers and other information users throughout an HCO, an effec-
tive data management culture and structure within the HCO is required.

The Need for Effective Data Management

The adoption of healthcare information technology (HIT) in the form of
electronic medical records (EMRs), electronic health records (EHRs), and
other clinical systems continues to expand. For example, in the United
States, 69 percent of primary care physicians reported using an EHR in
2012, compared to 49 percent in 2009.* This increase in EHR adoption
in the United States may be in part due to government incentives (such
as the HITECH Act and Meaningful Use requirements), but also because
of the potential benefits of improved patient care offered by HIT. Most other
industrialized countries are also experiencing increases in EMR adoption—
for example, Great Britain, Australia, New Zealand, the Netherlands, and
Norway all report EHR adoption rates of over 90 percent.” Great Britain,
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long a leader in HIT use, is also a leader in the use of data for quality and
performance improvement.

Although healthcare information systems are still in their relative
infancy, they are generating large volumes of data. As the growth rate
of HIT adoption continues to increase, the volume of data collected by
these systems will also increase. Recent estimates are that healthcare data
totaled 150 exabytes in 2011, and will continue to grow into the zetabytes
and perhaps even yottabytes soon after.® To put that into perspective,
consider that a gigabyte (GB) is 10? bytes, an exabyte (EB) is 10" bytes, a
zetabyte (ZB) is 10* bytes, and a yottabyte (YB) is 10* bytes. Many large
healthcare networks have data volumes in the petabyte (1 PB = 10" bytes)
range.

While this very large and growing volume of data presents an exciting
potential for use in quality and performance improvement activities, it is by
no means a trivial task to ensure that this data is available, and usable, for
such purposes. Fundamentally, data that is used for healthcare quality and
performance improvement needs to be:

= High quality—to ensure that the information generated from analytics
is valid and useful.

= Well documented—so that analysts and developers using the data are
aware of its context and meaning.

= Easily accessible—and available in a data warehouse (or similar data
store) to ensure that it is available for analysis when required.

To ensure that these three fundamentals are achieved, HCOs require
strong and effective data governance strategies and structures. Organiza-
tions that do not employ strict data management and data quality policies
run the risk of accumulating large quantities of data that is essentially unus-
able without expending great effort to clean and otherwise make it more
usable. HCOs have a responsibility, as data owners, for:’

= Data quality. Determining the data quality levels required for differ-
ent fields in the database, and how best to achieve those levels. Note
that not all data requires the same level of quality. For example, data
relating to demographics, clinical orders and observations, and billing
information needs to be of the highest quality, whereas supplemental
information not impacting patient care may not need to be of as high a
quality.

= Security and privacy. The determination of who is able to access
which data. Healthcare data is perhaps an individual’'s most private
information, so maximum effort must be made to ensure that privacy
is maintained at all times. Almost every conceivable analytics operation
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can and should be done using anonymized data. In an instance where
analytics is helping to predict an outcome for a particular patient, only
the clinical provider should be unblinded to both the patient and the
outcome.

= Business rules. The rules embedded in code that validate, map, cal-
culate, or otherwise transform raw data into higher-quality and more
useful data must be maintained and updated. Business rules are often
used to calculate interval times, recode variables, and perform other
transformations on raw data to make information easier to analyze.

= Availability. When information must be made available and when
acceptable downtimes are possible. Interestingly, I have seen a shift
toward the need for more round-the-clock availability of data systems
and analytics. Clinical and management decision making does not
stop at the end of the working day, so neither should the information
required to assist with those decisions.

= Periodicity. How often the data needs to be updated (this can range
from quarterly to monthly to near real time, depending on the needs of
the system).

= Performance. The response time experienced by the user when access-
ing the system. The performance of analytical tools must be excep-
tionally high when supporting near-real-time clinical decision making,
whereas slower performance is likely to be acceptable in non-real-time
situations (such as when running reports).

As illustrated by the previous list, the responsibilities associated with
ownership of healthcare data extend far beyond simply purchasing and
maintaining database servers and software to house the data. These activi-
ties are essential to ensure that HCOs have high-quality data that can be uti-
lized for quality and performance improvement, research, and management
decision making, is accessible when needed, and protected from unauthor-
ized access and usage.

Data Quality

The most important aspect of any analytics system is access to accurate,
high-quality data. Before any reports are built, analyses performed, and
dashboards deployed, ensuring that source data is trustworthy must be
the first priority. Without data that is accurate, it is impossible to trust in
the results of the many algorithms and other computations that constitute
analytics. If the veracity of the raw material is called into question, then
certainly the results of the computations using that raw data must also be
suspect.
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Accuracy and Quality Are Key

The most important aspect of any analytics infrastructure is access to
accurate, high-quality data.

Without high-quality data, many quality and performance improvement
projects may be negatively impacted—especially large-scale projects using a
structured improvement methodology like Lean or Six Sigma. For this reason,
healthcare QI specialists are important and necessary stakeholders in data
quality. Improving quality and performance requires a solid understanding
of previous and current performance, and an ability to detect changes in
data that signal an improvement (or worsening) in performance. Having
poor-quality data will likely increase the difficulty in detecting changes in
performance, or lead to misinterpretation of data and incorrect conclusions.

HCOs need to determine their own data quality requirements. To assist
with this determination, there are many dimensions that can be used to
quantify the quality of data. The Canadian Institute for Health Informa-
tion (CIHD), for example, uses the dimensions outlined in Table 5.1 for
data quality.® The CIHI dimensions of data quality, identified by an aster-
isk in Table 5.1, are useful for gauging the quality and usability of a data
set for use in healthcare analytics applications. In addition to the CIHI
data quality dimensions, completeness, conformity, and consistency have
also been identified as necessary dimensions of data quality,” and are also
described Table 5.1.

Achieving Better Data Quality

Having good data cannot guarantee that effective analytics tools can and
will be built, utilized effectively by an HCO, and result in the quality and
performance improvements desired. Bad data, however, will most certainly
mean that efforts to use information will be hindered due to a lack of trust
or belief in the analytics and/or its results.

To begin with, how do we describe “good data” Quality expert Joseph
Juran states that “data are of high quality if they are fit for use in their
intended operational, decision making, and other roles.”™ In this definition,
“fit for use” means free of defects and possession of desired and necessary
features. Achieving good data, however, is hard work. HCOs need to start
with the source systems, and in particular the users of those source systems.
In my experience, one of the best ways to improve end users’ data entry
is to share the analyses with them in the form of performance reports and
other relevant forms that are meaningful to the individual. If end users can
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TABLE 5.1 Data Quality Dimensions

Data Quality Dimension

Description

Accuracy*

Timeliness*

Comparability*

Usability*

Relevance*

Completeness

Conformity

Consistency

Reflects how well information within (or otherwise
derived from) data reflects the actual reality it is
intended to measure.

Reflects how recent and up to date data is at the
time it is available for use in analytics. Measured
from the time it was generated (or the end of the
reference period to which the data pertains) to the
time it is available for use.

Refers to the extent to which the data is uniform
over time and uses standard conventions (such as
common data elements or coding schemes).
Reflects how easy it is to access, use, and
understand the data.

Reflects how well the data meets the current and
potential future analytics needs of the healthcare
organization.

Refers to how much of all potential electronic data
(for example, from electronic health records, claims
data, and other sources) is available for analytics.
Reflects how well the available data conforms

to expected formats (such as standardized
nomenclature).

Measures how well values agree across data sets and
the extent of agreement exhibited by different data
sets that are describing the same thing.

This can range from the use of consistent acronyms
to standard procedures by which to document
patient discharge time.

* Denotes a data quality dimension identified by the Canadian Institute of Health Information.

see how the data is being put to use (and how the results can impact both
their job and patient care), they may be less likely to dismiss accurate data
entry as an unimportant and irritating part of their job.

Monitoring Data Quality

are addressed.

We have used our own analytics tools to detect poor data quality and
automatically alert those people who can take corrective action. Rapid
feedback dramatically increases the speed at which data quality issues
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When more direct measures were necessary to improve data quality
within my own HCO, we have used our own analytics tools to encour-
age managers to provide coaching to staff when staff performance is not
what is expected. For example, a project I was on utilized analytics tools
to automatically measure the rate at which triage nurses were overriding a
computerized scoring algorithm. It was found that the overrides were occur-
ring primarily because nurses were not filling in all the required information
appropriately, and the system was generating invalid results due to this data
quality issue. By implementing automatic e-mail alerts to managers when
the override rates were higher than desired, the managers could provide
coaching or more in-depth training to staff so that they would complete
all necessary data fields. This relatively simple intervention reduced the
override rate of nurses using the tool from around 45 percent to around
10-15 percent, which was much more acceptable from a clinical standpoint.
Furthermore, most of the overrides post-intervention were the result of real
clinical disagreement with the results of the algorithm, not a result of poor
data quality negatively impacting the calculations.

Tip

Although there are myriad possible causes of data quality problems,
data quality usually begins at the source.

The best approach to improving the quality of healthcare data is to pre-
vent data quality issues in the first place. Although there are myriad possible
causes of data quality problems, data quality usually begins at the source.
That is, poor data quality is most likely to be a result of the way users
interact with clinical or other information systems, poorly designed user
interfaces, and deficiencies in data entry validation. Less likely but still pos-
sible, poor data quality may also be the result of errors in system interface
code or other instances where data is communicated between two systems.

In my experience, healthcare quality initiatives have been hindered by
data quality for a number of reasons, including:

= No data available. Many HCOs are still not fully computerized, mean-
ing that a lot of important data is still locked away on paper in filing
cabinets. If the data needed to answer a particular question or identify
a quality issue is not available to begin with, that is a blind spot that
needs to be addressed. There will always be gaps in data, however—
even fully computerized HCOs cannot possibly capture data on every
single step of every process in care delivery.
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= Data doesn’t represent workflows. Many HCOs have had EMRs and

other clinical information systems for many years. Unfortunately, pro-
cesses often change more quickly (and more often) than the information
systems can be updated to reflect these changes. This results in business
processes becoming out of sync with the data being collected, or differ-
ent meanings being attached to existing data fields. It requires commit-
ment and effort to keep data stores up to date to reflect these changes.
Personal inclination. Even if information systems accurately map
to workflows, processes are well defined, and frontline staff are fully
trained on the system, some staff may still choose to use the informa-
tion system in an inappropriate way, which may result in the data
associated with their entries being less valid. Comments such as, “Oh, I
know I'm supposed to enter the data that way, but it's too many clicks,
so I don’t do it like that,” are particularly frustrating. Obviously, front-
line staff are not meant to be data collectors for QI teams, but at some
point they should understand that the data being collected is used to
improve care quality (and job quality) for everyone who works in the
organization.

Data errors. There are still plenty of good old-fashioned typos that can
make analysis more challenging. For example, incorrectly spelled medi-
cations, incorrect medical record numbers, and other incorrect informa-
tion can cause problems when linking data or summarizing information
for analysis. Many source systems still do not employ sufficient data
validation to check for the accuracy and validity of certain types of data
commonly entered into the system with errors (for example, tempera-
ture, height, and weight ranges).

Overcoming Data Errors

Poor user interface design on clinical systems can be a source of poor
data quality. Particularly dubious are pull-down lists that also offer the
choice to enter your own data. This is where you see how creative
people can get retyping information already contained on the list. For
example, the Mode of Arrival field on our triage note contained an
option for “Ambulance,” but also had a free-text box where values for
this field could be typed in. The result was that instead of having a very
clean summary of how patients arrived at the emergency department,
we had to contend with entries such as “arrived by ambulance,” “ambu-
lance #209,” “EMS ambulance,” “amblance,” or simply “amb.” Thankfully,
the use of the free-text box was discontinued, and the data from the
triage note is now much cleaner.
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With growing volumes of data and increasing reliance on analytics for
decision making, data quality is a major focus of research, and root causes
of data errors have been studied extensively and systematically. The many
possible causes of data quality problems have been grouped into 10 major
causes (several of which are given in the following list, with elaboration
added)." Addressing these root causes of poor data quality will greatly
enhance the quality of data that is available for analytics.

= Multiple data sources. This is common in healthcare, with multiple
source systems (including registration, lab, and diagnostic imaging sys-
tem) storing a single patient’s data; each source system may have its
own data validation rules and data formats.

= Subjective judgment in data production. Without clear documen-
tation and definitions of the data (both at the source and at time of
analysis), personal interpretations of what data means impact what is
recorded and how the data is eventually interpreted.

= Security/accessibility trade-off. If security is too tight on databases
for analysis, developers may look elsewhere where data is more acces-
sible. This is why many “rogue” copies of data are created.

= Coded data across disciplines. Different source systems may code data
using different coding schemes (e.g., ICD-9 versus ICD-10), which may
hinder comparability and compatibility if clear mappings are not available.

= Complex data representations. Data representing complex process-
es, or even simple processes that are stored iteratively, may induce
errors in the extraction and analysis of the data. (Data modeling helps
to alleviate this issue.)

= Volume of data. Large volumes of data can be challenging to work
with, especially if there is limited computing power available to work
with. Some desktop statistical packages can only analyze data that is in
memory (as opposed to on disk), which limits the size of data that can
be analyzed.

= Changing data needs. As the business, quality, and performance
improvement needs of the organization evolve, be careful not to let
these new requirements bias your understanding of the data unless the
process(es) and data have, in fact, changed.

As mentioned, having accurate, high-quality data for analytics starts at
the source. Analytics teams need to work together with data warehouse
managers and frontline staff to ensure that all possible sources of poor data
quality are identified, reduced, or eliminated. In my experience, it has been
helpful for members of the analytics team to be part of system change request
committees. It is likely that whenever a change to a source clinical system is
required, it is because of a change in process, or because of a new process
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For a comprehensive listing of data quality references and ad-
ditional resources, please visit this book’s web site at http://
HealthcareAnalyticsBook.com.

and the need to be able to capture data from that new process. Having ana-
lytics and data warehouse team members on those change committees helps
to ensure that any potential changes in data (either new fields or changes
to existing data) are taken into account during change request discussions.

The full potential of healthcare analytics cannot be realized, however,
if data is locked inside operational, divisional, or other information silos.
One of the exciting capabilities of analytics is finding new relationships
between processes and outcomes, and discovering new knowledge; this is
truly possible only when data is integrated from across the enterprise. As
data is integrated from multiple clinical and other systems from across the
HCO, however, its management becomes an issue. How data was managed
in an independent, one-off database is not suitable at all for managing data
integrated from across multiple source systems. Failing to effectively man-
age healthcare data, across all its sources, will seriously impede the devel-
opment and use of effective analytics.

Data Governance and Management

Because the quality of data is critical to quality and performance improve-
ment activities, it is good practice to have people within the HCO who are
responsible for data quality. Discussions of enterprise data quality, however,
invariably raise issues of data ownership, data stewardship, and overall con-
trol of data within the organization. HCOs with very little, if any, formal data
management and governance exhibit data quality management that is ad
hoc and reactionary—action is taken only when it is too late and something
needs to be fixed. HCOs at the opposite extreme have implemented layer
upon layer of approval requirements, stewardship, and change manage-
ment committees; such bureaucracy, however, can backfire and pose a risk
to data quality when adhering to rules that are too strict inhibits the flex-
ibility required to respond to changing patient care processes, changing
systems, and changing analytics requirements.

Healthcare Organization Data Governance

To ensure that high-quality data is available for QI activities, HCOs must
ensure that appropriate and effective data quality management processes
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are in place. In addition, these processes need to be enforced, and they
need to provide a balance between the rigor necessary to ensure stability
and the agile responsiveness required by the evolving data needs of the
HCO.

According to the Data Governance Institute, data governance is “a sys-
tem of decision rights and accountabilities for information-related processes,
executed according to agreed-upon models which describe who can take
what actions with what information, and when, under what circumstances,
using what methods.”’? Data governance helps HCOs better manage and
realize value from data, improve risk management associated with data, and
ensure compliance with regulatory, legal, and other requirements.

The Data Governance Institute suggests a framework that organizations,
including HCOs, can use to implement and maintain effective governance.
A data governance framework should:

= Possess a mission.

= Define focused goals, governance metrics, and success measures.

= Qutline clear data rules and definitions.

= Enable decision rights, accountabilities, and control mechanisms.

= Identify data stakeholders and data stewards.

= Establish a data governance office.

= Implement proactive, reactive, and ongoing data governance processes.

The key responsibilities of the data governance function within an HCO
are to establish, enforce, and refine the policies and procedures for manag-
ing data at the enterprise level. Whether data governance is its own commit-
tee or a function of an existing body, the data governance function sets the
ground rules for establishing and maintaining data quality, how and under
what circumstances changes to data definitions or context can occur, and
what constitutes appropriate use of healthcare data.

Based on input from the data owners, data stewards, analytics stake-
holders, and business representatives, the data governance committee must
create policies and procedures regarding how the data resources of an
organization are managed. That is, the data governance function determines

Data governance is “a system of decision rights and accountabilities for
information-related processes, executed according to agreed-upon mod-
els which describe who can take what actions with what information, and
when, under what circumstances, using what methods.”
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under what circumstances the data definitions, business rules, or structure
can be changed. This helps prevent an unauthorized local change to a
source system causing downstream data quality issues.

The data governance committee is the ultimate authority on how data
is managed throughout the enterprise. Organizations without strong and
effective data governance structures will likely experience major problems
as changes to processes, source systems, business rules, indicators, and
even the interpretation of data start to evolve, or change dramatically, with-
out any coordination or impact analysis. Strong data governance helps to
ensure that changes ranging from a clinical process to a business rule is
evaluated for impact on all other components of the data system.

The personnel structure around data governance should data owners,
key stakeholders (including senior and/or executive-level representation),
and data stewards from across functional areas. Finally, data governance
processes need to be proactive, effective, and ongoing. One of the benefits
of the data governance function is that it helps ensure that the source data,
and resultant reports, analytics, and insight, are held as trustworthy and
valuable within the HCO.

Benefits of Data Governance

One of the benefits of the data governance function is that it helps
ensure that the source data, and resultant reports, analytics, and insight
are held as trustworthy and valuable within the HCO.

A data governance committee or function within an HCO has a key role
in ensuring the integrity of analytics. Decisions are being made more often
within HCOs that require both real-time and non-real-time but mission-
critical data. When decision makers cannot afford to be wrong, neither can
the data; the trust in an HCO’s data must be rock-solid. Achieving this high
level of trust in data is a key objective of data governance.

I have seen the impact of poor and/or nonexistent enterprise-wide data
governance within an HCO. When data quality and management are left
to the business intelligence and/or analytics team to manage and “enforce”
without any real authority, changes made in one place (say, for example, in
a process on the front line, or on a data field in a computer system) likely
will not consistently or reliably get communicated to the people responsible
for the data. Very often, these changes are not discovered until it is too late
and manifest as errors and unexpected results in reports, dashboards, and
other analytical tools. Changes in frontline processes or in the way that
source system software is used should not first show up as data quality
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issues in reports and dashboards because the analytics team was not noti-
fied that these changes were being implemented.

What data governance should not be, however, is just another layer
of bureaucracy. Many HCOs have too many layers of approval required
for tasks ranging from changing the design of forms on clinical systems to
accessing data in a testing environment. Committees and layers of approval
are not necessarily a bad thing—only when they hinder the agility of the
organization to respond to actual operational needs.

Data Stewardship

As mentioned earlier, a necessary counterpart to a data governance func-
tion within the HCO is the data steward. Data stewardship is a necessary
component of data governance to ensure high-quality and highly reliable
data. The data steward is responsible for monitoring and evaluating data
quality within an HCO. Specifically, the major functions associated with a
data steward include:"

= Evaluating data quality, identifying issues, and making appropriate rec-
ommendations.

= Ensuring that any modifications to data storage and management are in
line with accepted policies and procedures.

= Ensuring that data is used properly and that it is accessible.

= Helping to establish enterprise-wide standards for data quality and usage.

Within a large organization such as an HCO, the data stewardship func-
tion requires one data steward for each major data subject area or functional
area." In a typical HCO, this would be achieved by having assigning one data
steward for each major line of business, program, and/or domain within the
HCO. In a hospital for example, a data steward would be assigned for emer-
gency medicine, surgery, cardiology, and other such functional programs.

Despite the necessity of multiple data stewards, the data stewards of
each functional data set must work together and in concert with an organi-
zational data architect to ensure that common standards and approaches are
taken. This is especially important for analytics, as program and department
indicators and metrics are shared throughout the organization.

The data steward works at the intersection of the business and the
technology. Therefore, the data steward should have good technical skills,
including knowledge of data modeling and data warehouse concepts. The
data steward should also understand the business well. This is not to say that
the data steward must be a clinician, but he or she must be familiar with the
processes, terminology, and data required by the line of business. Finally,
the data steward must possess the interpersonal and communication skills
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to be able to bridge the gap in discussions between technology experts and
clinical and subject matter experts from the business.

The importance of effective data stewardship cannot be understated. As
mentioned, accurate output from analytical systems depends absolutely on
the quality of the data that serves as input. Healthcare information technology
systems are still relatively immature compared to other industries, and in my
experience still undergo significant changes as HCOs evolve through their
adoption of HIT. Analytics teams must work very closely with data stewards
(within the guidance of the data governance function) to help ensure that
when computer systems must be updated or otherwise changed, any and all
impacts to the data and defined business rules are understood and mitigated.

Enterprise-wide Visibility and Opportunity

Important decisions in healthcare are becoming less localized and are tak-
ing on more of an enterprise scope. Despite this, many factions within
HCOs are incredibly reluctant to relinquish control of their data, or even to
share it. However, as clinical systems and the data warehouses on which
information is stored become more complex, the fact is that data ownership,

THE NEED FOR AGILITY AND DATA STEWARDSHIP

The capabilities of health information technology systems are improv-
ing rapidly. For example, the emergency department information sys-
tem at a typical emergency department when deployed several years
ago may have started as only a patient tracking system for patients
within the department. Additional capabilities can be added on over
time, such as clinical documentation, computerized provider order
entry, and results reporting. Other changes also occur throughout the
organization that must be accounted for, such as renovations and/or
expansions (which require updates to locations and business rules).
Other new technology, such as radio frequency identification, might
also be added. The challenge is that many of these changes can, and
most often do, impact the underlying data in the system. The data
stewards within an HCO must be responsible for ensuring that the
data, whether it be in an enterprise data warehouse or otherwise, is up
to date with the latest data definitions, processes, and business rules.
If any necessary changes are not communicated to the developers of
analytical tools within the HCO, reporting and analytical insight will
soon lose validity, and ultimately value, within the HCO.
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stewardship, and management must become a shared responsibility among
all data owners. The days of a department or unit owning its own stand-
alone clinical or administrative database are numbered. HCOs must work
diligently to ensure the availability and trustworthiness of the enterprise-
wide data and information that decision makers require.

This shared responsibility can open up whole new opportunities for
HCOs to improve transparency and break down silos that have traditionally
existed and that have always erected roadblocks in the efficient flow of both
patients and information. As more clinical and other data become avail-
able throughout the enterprise, the opportunities for enterprise-wide quality
and performance monitoring and insight are truly exciting. Provided that
the responsibilities of data governance and stewardship are taken seriously
throughout the HCO, healthcare departments and programs may no longer
need to work to improve quality and performance in isolation.
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CHAPTER 6

Working with Data

In God we trust. All others bring data.

—W. Edwards Deming

Data is an essential component of analytics, and working with and under-
standing data is a critical analytical skill. Due to its nature, healthcare data
is often more complex than that in other industries. Despite this complex-
ity, many analytical tools such as dashboards and reports use simplistic (or
even incorrect) approaches to analyze and represent the data. This chapter
will focus on the key concepts behind understanding and effectively utiliz-
ing data. Covered are data type common to healthcare and how to select
appropriate analyses for various data types so that healthcare informa-
tion analysts are able to extract the maximum information and value from
collected data.

ROOKIE MISTAKES

I am sure that everyone can share a time when they were eager to
“dive right into” some data, made some completely wrong assump-
tions about what the data meant, or what kind of data it was, and
prepared a report or other analysis that was completely meaningless.
The valuable lesson I have learned on these occasions is to fully un-
derstand the data and all available context prior to performing any
detailed “analysis.”

91
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Data: The Raw Material of Analytics

Data is the raw material of information. Data is continuously generated as
healthcare professionals such as healthcare providers, administrators, and
analysts use computerized systems as part of their jobs, or enter data into
databases as part of post hoc data collection efforts for research, QI, or
other reasons. The data that is stored in source-system databases, however,
is rarely useful in and of itself. Just like any raw material, data must be
processed in order to become useful. This processing is how data starts to
become information that is useful for understanding the operations of a
healthcare organization (HCO).

Figure 6.1 illustrates the information value chain. At the beginning of
the chain is data, the raw material. The data is generated by electronic medi-
cal records and other computerized tools within healthcare. The next step in
the chain is analysis, the step in which data is taken from its raw database
form, summarized, and transformed into a more useful format. By applying
the analysis and other processing available in analytics tools, the result is
information and insight that is available to clinicians, administrators, and
other information users. The intent is that this information helps to trigger
actions, such as by implementing process improvements or assisting in clini-
cal decision making, which in turn leads to improved outcomes that are in
line with the quality and performance goals of the HCO.

When someone who is working on a healthcare QI project asks for
data, the request is in fact rarely for just data. That is, someone would
normally not be asking for a dump from the database unless that person is
planning to do his or her own analysis. Requests for data usually stem from
the need for information to help understand a problem, identify issues, or
evaluate outcomes. Even simple summarizations of data (including counts,
averages, and other basic statistics) begin the process of turning raw data
into something that is more useful—information and insight that can be
used for decision making and taking action.

FIGURE 6.1 Information Value Chain

Preparing Data for Analytics

It is important to fight the urge to dive into a new data set or newly added
data elements without obtaining a clear understanding of the context of
the data, and how it relates to the business. When developing analytics to
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address a need for insight and information around a quality or performance
improvement initiative or issue, requisite information that an analyst needs
to know includes:

= What the data represents. What process, workflow, outcome, or
structural component does the data correspond to?

= How the data is stored. What kind of storage is the data in (such as
an enterprise data warehouse), how is the data physically stored on
the database, and how might that storage format constrict what can be
done with the data? Also, how good is the quality of the data; are there
missing values that might bias analysis, and are there invalid entries that
need to be cleaned and/or addressed?

= The data type. Regardless of how data might be physically stored in a
database, what kind of data do the values represent in “real life”?

* What can logically be done with the data. Given the type of data
and how it is stored, what kind of database and mathematical opera-
tions can be performed on the data in meaningful ways?

= How can the data be turned into useful information that drives
decision making and enables leaders and quality stakeholders to take
appropriate and necessary action?

When analysts begin working with a new data set, they should spend
time on the floor (or elsewhere in the HCO) where the activity occurs that
generates the data, and where the resultant analytics insight is used. This
hands-on exposure helps relate data to actual situations and conditions and
provides invaluable context to existing documentation and metadata.

Understanding What Data Represents

At the heart of successful quality and performance improvement in health-
care is modifying existing and creating new business and clinical processes

Lessons Learned

Whenever I work on a QI project, I see the necessity of presenting data
in the context of the business processes (and see the problems that
occur when that doesn’t happen). Every data element in a database is
conveying some information regarding a process. But the meaning of
that information is uncertain without knowing its context (that is, the
associated business process or workflow). Summarizing and analyzing
data without the benefit of knowing the context will likely lead to inac-
curate or misleading analysis results.
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that reduce waste, are more effective, and reduce the likelihood of medical
errors. To be useful for quality and performance improvement, data must be
analyzed within the context of the processes and workflows through which
it is originally generated. This section will focus on the methods for aligning
data to processes and using that data as a basis for analytics.

Aligning Processes with Data

Clinical processes and workflows have been in place since the advent of
modern medicine; enterprise data warehouses and clinical software appli-
cations are much more recent inventions. It is not surprising, then, that
until very recently, the people primarily concerned with the processes of
healthcare were not the same people whose primary concern is the data
generated by those processes. Because healthcare systems are dynamic,
processes are constantly changing; stewards of healthcare data are often not
informed of such changes, or may not be able to keep up with the changes
in processes occurring on the front line.

To provide accurate insights, analytics must use data that is representa-
tive of what is actually happing on the front lines. For this reason, analytics
professionals must work very closely with business subject matter experts
who are able to convey the most recent process changes and validate that
the current assumptions on which analytics is based match what is occur-
ring on the front line.

Figure 6.2 represents, at a high level, the steps necessary for a patient
to be seen by an emergency department physician. Each of the steps in the
process represents its own activities (such as triaging a patient), requires a
specific resource (such as a registration clerk, nurse, or physician), and gen-
erates its own data (via interactions with clinical software). See Table 6.1 for
a sample of the type of data that would be typically generated in a process
such as the one illustrated in Figure 6.2.

In addition to knowing which process a data item is associated with,
other important information to note about each data point includes:

= Who performs the activity that generates the data?

= Who enters the data element into the system (in the case an observa-
tion or similar data) or causes data to be generated (through some other
interaction with a clinical system such as changing a status code)?

) Transfer to ioi
Patient . . . Nurse Physician
’ ol S ”

FIGURE 6.2 Sample Emergency Department Patient Arrival and Assessment Process
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TABLE 6.1 Context Details of an Emergency Department Patient Arrival and
Assessment Process

Process Step

Description

Data

Triage

Patient arrival

Nurse performs a preliminary
triage assessment of the
patient to determine his or
her presenting complaint and
the urgency of the patient’s
condition.

Registration clerk registers
patient and collects full
demographic and billing

Arrival time

Mode of arrival (ambulance, car,
etc.)

Time triage started

Time triage completed

Triage acuity score (1 through 5)
Presenting complaint

Vital signs

Time registration started

Time registration completed

Full patient demographic and

information. . . ;
insurance information

= What is the trigger for the data to be stored?

= What type of data is stored (such as numeric, alphanumeric, and date/
time)?

= What business and validation rules are associated with the data item?

= What data is required to provide the information and insight required
to address the quality and performance goals of the organization?

Types of Data

Data can be divided into two basic types: quantitative or numeric, and qual-
itative or nonnumeric.! Quantitative data typically is obtained from obser-
vations such as temperature, blood pressure, time, and other similar data.
Qualitative data, on the other hand, tends to be more descriptive in nature,
and may consist of observations and opinions (entered into an electronic
medical record), patients’ experiences while receiving care, transcribed
notes from focus groups, or researchers’ notes. Quantitative data is easier to
summarize and analyze statistically; qualitative data usually requires more
preparation prior to analysis, but can reveal insights into quality and perfor-
mance that standard quantitative analysis cannot pick up.

Improvement science identifies three types of data: classification, count,
and continuous.? Classification and count data are sometimes collectively
referred to as attribute data, and continuous data likewise is often referred
to as variable data. Attributes associated with classification data are record-
ed as one of two classifications or categories, such as pass/fail, acceptable/
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unacceptable, or admitted/nonadmitted. Count data, as would be expected,
is used to document the number of occurrences of typically undesirable
events or outcomes, such as number of central line infections, falls from
hospital beds, critical incidents, and other occurrences related to quality and
performance. Finally, continuous data is often associated with productivity
or workload, such as emergency department census, X-rays performed, wait
times, and other measures of performance.

Once an understanding is obtained of what the data means in “real
life” (that is, how the data is mapped to processes, workflows, and other
aspects of healthcare delivery), the data needs to be understood in terms
of what type of data it is (once again in “real life”) versus how it is stored
and formatted on an electronic database. Knowing this allows analysts and
developers to create meaningful analyses of the data; if the type of analysis
performed on data is not appropriate, the results may in fact be nonsensi-
cal, as the following examples will illustrate.

ELECTRONIC STORAGE OF DATA  People who are familiar with programming
languages or databases will know that data can be classed in many ways
based on what is being stored. In a database, for example, the data type
assigned to a field (or object) typically will define four main attributes of
what is to be stored in that field (or object).? These four main attributes (at
the database level) consist of:

1. The kind of data being stored (for example, numeric, character, binary).

2. The size (or length) of the data being stored (for example, how many
characters the field can hold).

3. The precision of the data (for numeric data only): the total number of
digits in a number.

4. The scale of the data (for numeric data only): the total number of digits
that fall to the right of the decimal point.

At the database level, the data type that is assigned to a field controls
what kind of information can be stored in that field. This helps to ensure
the integrity of data stored so that when the data is read back from the
database, the software knows how to interpret the data being loaded. See
Figure 6.3 for a sample screenshot from a database program illustrating vari-
ous data fields and how their type is encoded.

Data types in a database ensure the integrity and management of the
information stored on the database. The data type assigned to a database
field also dictates what operations can be performed on the data in that
field. For example, typical mathematical operations (such as multiplication
and division) cannot be applied to character-type data, so multiplying a
patient’s name by a number (or multiplying two names together) would be
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Name |Type I Length | Decimals |
First Name varchar 255 0
Last Name varchar 255 0
Chart ID Number varchar 8 0
Date of Birth date 0 0
Height (cm) int 4 0
Weight (km) float 6 2
Acuity Score int 3 0

FIGURE 6.3 Screenshot of Database Showing Data Fields and Data Types

an illegal operation. Databases (and analytical software) typically strongly
enforce these rules so that inappropriate operations cannot be performed.

A challenge arises, however, if data is coded in a database as an inap-
propriate type. Attributes of data from a computer database may not always
accurately relay what analysis truly makes sense to perform on data. For
example, I have seen numeric temperature values such as 37.0 stored in
text-type data fields because the programmers wanted to store the entry
as “37.0 degrees Celsius” to ensure the unit of measure was captured with
the temperature (even though a temperature is clearly numeric and can be
treated as such). When this occurs, data type casting (that is, converting
from one data type to another) and other manipulations may be neces-
sary to allow for the desired operations to be permissible. In this case, the
“degrees Celsius” would need to be stripped from the data, and the resultant
values type cast to a numeric value so that graphing, summarizations, and
other calculations become possible with the temperature data.

In summary, know your data and beware of treating data strictly as
specified in database attributes without first knowing the context of the
data, what it really means, and what data summarizations and analyses must
be performed.

LEVELS OF MEASUREMENT Data is stored in a database using data types
that best approximate the type of data the field represents. In Figure 6.3,
for example, the “Chart ID Number” is stored as a “varchar” type, which is
a field that can hold both letters and numbers. Chart numbers are typically
numeric (such as 789282), but may include non-numeric characters (such as
789282-2 or AS789282), so a character format may be necessary to accom-
modate such non-numeric values. Also in Figure 6.3, height (in centimeters)
and weight (in kilograms) are stored in numerical formats (integer and float-
ing-point, in this instance), and the “Acuity Score” is stored as an integer.
Regardless of how data is (correctly or incorrectly) stored in a database,
every observation has a “true” data type that, depending on the context and
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TABLE 6.2 Classes of Data (Levels of Measurement)

Data Type Description

Categorical Non-numeric data that is placed into mutually exclusive, separate,
(Nominal) but non-ordered categories.

Ordinal Data that may be categorized and ranked in a numerical fashion,

and for which order matters. The difference between values is
not meaningful nor consistent.

Interval Data that is measured on a scale where the difference between
two values is meaningful and consistent.
Ratio Measurement where the difference between two values is

meaningful and consistent, and there is a clear definition of zero
(there is none of that variable when it equals zero).

the meaning of the data, dictates what types of analysis or computation are
meaningful to perform with that value. From a scientific point of view, there
are four generally accepted classes of data (or levels of measurement). The
four classes of data according to traditional measurement theory consist of
categorical (or nominal), ordinal, interval, and ratio.* See Table 6.2 for a
summary of these four basic levels of measurement.

CATEGORICAL AND ORDINAL DATA Any values that are mutually exclusive
(in that they cannot belong to more than one category) and do not follow a
specific order can be considered categorical data. An example of categorical
data is a patient’s gender, typically either female or male. Another example
of categorical data is location or bed number. In Figure 6.4, the top set
of ovals represents emergency department locations (“Resus 1,” “Resus 2,”
“Waiting Room,” etc.) and can be considered categorical in nature. These
fit the criteria of categorical data because there is no implicit order and the
categories are mutually exclusive.

Ordinal data is similar to categorical data in that it is groupings, except
that the order of the values does matter. Consider, for example, the bot-
tom set of ovals in Figure 6.4, which represent triage acuity scores. In the
example, the triage acuity scores are on a 5-point scale (1, 2, 3, 4, 5) where
1 represents the sickest patient whereas 5 is the least sick. In this case, the
order of the values implies a level of illness, but the difference in illness
between a 1 and a 2 is not the same as that between a 2 and a 3, and so
on. In the example, and all ordinal data, the actual differences between the
numbers have no meaning except to imply an order; in this case, the acuity
scale could have just as easily been A through E.

INTERVAL AND RATIO DATA  Values that are mere categories or groupings are
good for counting, but not very good for measuring—that is where interval
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Example of Categorical Data:
Emergency Department Locations

Room

Example of Ordinal Data:
5-Point Triage Acuity Scale

FIGURE 6.4 Tllustration of Categorical and Ordinal Data

and ratio values are important. Intervals and ratios are where “real” analysis
becomes possible, because the difference between any two interval or ratio
values is both meaningful and consistent. The difference between interval
and ratio values, however, is that there is a clear definition of zero in ratio
values. Take the example of temperature (illustrated in Figure 6.5). Both
Celsius and Fahrenheit temperature scales include zero degrees, but zero
degrees Fahrenheit and Celsius do not represent an absence of temperature
(although it might feel like it!); temperature values are regularly recorded
in negative values as part of the scale. The Kelvin temperature scale, how-
ever, is considered a ratio because “absolute zero” (zero degrees K) means
the total absence of temperature.

Most measurements that are taken in physical sciences, engineering,
and medicine are done on a ratio scale. For example, readings for mass
(pounds or kilograms), time (seconds, hours), and blood glucose (mmol/L)
all start at zero, which represents an absence of that quantity.

-273.15 °C 0°C 100 °C
-459.67 °F 32 °F 212 °F
0 K 273.15 K 373.15 K

FIGURE 6.5 Tllustration of Interval and Ratio Values Using Temperature as an
Example
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Getting Started with Analyzing Data

Analysis of data is, of course, the heart of healthcare analytics. Developing
analytics strategies, building data warehouses, and managing data quality all
culminate with analyzing data and communicating the results. Data analysis
is the process of describing and understanding patterns in the data to gen-
erate new information and new knowledge that can be used for decision
making and QI activities.

One might ask why it is important to delve into how data is stored on
a database and how it is related to categorical, ordinal, interval, and ratio
levels of measurement. The bottom line is that before we perform any
operations on data we have, we need to know what operations make sense
to perform. Analyzing data properly, and obtaining meaningful results from
analytics, requires that we know what kind of data we are dealing with. If
we perform operations on data that fundamentally do not make sense in
relation to the type of data we’re working with, then any outputs from (and
inferences made based on) those analytics will be faulty.

Just looking at data in a database is not very helpful—usually “some-
thing” needs to be done with the data, such as summarizing it in some way,
combining it with other data, among other possible operations. The type of
information that data represents ultimately determines what computations
can be performed with it.

Summarizing Data Effectively

There are many uses for data, including to evaluate the outcome of a QI
project, assist in clinical decision support, or gauge the financial health of
an HCO to name a few. Regardless of how data is used, the strength of
and value derived from analytics is the compilation and analysis of large
amounts of data and resultant synthesis of a meaningful summary or insight
from which clinicians, administrators, and QI teams can base decisions and
take meaningful, appropriate action.

Population versus Sample

A population is a “precise definition of all possible outcomes, measures,
and values for which inferences will be made,” whereas a sample is sim-
ply a representative portion of the entire population.

For example, a population might be all the patients who visited an
outpatient clinic during the previous year, but only a representative and
randomly selected sample would normally be chosen for mail-out satis-
faction surveys.
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It seems as though dashboards are becoming nearly ubiquitous
throughout HCOs. This is because the visualization techniques used in well-
designed dashboards provide an “at-a-glance” overview of performance.
Most dashboards used in the management of healthcare require, at the very
least, basic summaries of data such as count (frequency), average, or range.
More sophisticated uses of information (such as are common in quality and
performance improvement) may require more advanced operations to be
performed with the data.

Table 6.3 is an overview of common data summary approaches along
with the types of data for which each of the summaries is appropriate. As
a point of clarification, when we are describing a population of patients,
the term for the values describing the population is “parameters,” whereas
“statistics” is the term for the descriptive characteristics of a sample.

Learning Statistics

For more in-depth learning about statistics, T will defer to the many
excellent statistical textbooks, web sites, and online videos that teach
that subject very well. For a listing of and links to resources that provide
further instruction on statistics, please visit the book’s web site, http://
HealthcareAnalyticsBook.com.

TABLE 6.3 Overview of Data Summaries

Summary Description Applies To

Count A tally of all the values (or ranges of Nominal, ordinal,
values) in a sample of data. interval, ratio

Mode The most commonly occurring value in a Nominal, ordinal,
data set. interval, ratio

Percentile The value in a data set below which a Ordinal, interval,
specified percentage of observations fall. ratio

Median The “midway” point of a ranked- Ordinal, interval,
order data set; the value below which ratio

50 percent of the data elements sit. Also
known as the “50th percentile.”

Minimum The lowest value in a data set. Ordinal, interval,
ratio

Maximum The highest value in a data set. Ordinal, interval,
ratio

(continued)
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TABLE 6.3 (continued)

Summary Description Applies To

Mean The arithmetic average of a data set Interval, ratio
calculated by adding all values together
and dividing by the number of values.

Variance A measure of how spread out the Interval, ratio
numbers are within a data set and is
measured by a value’s distance from the

mean.
Standard Provides a sense of how the data is Interval, ratio
deviation distributed around the mean and can

be considered an average of each data
point’s distance to the mean.

COUNTING Counting data is perhaps the most simple operation that can
be performed, yet it is one of the most common and useful ways to look at
data. A few of the most common questions asked by healthcare managers
and executives is “how much” or “how many”—*‘How many central line
infections occurred last week?” or “How many patients are now in the wait-
ing room?” or “How many influenza patients can we expect to see during
next flu season?” Many quality and performance initiatives are concerned
with reducing the number of something (such as medication errors, unnec-
essary admissions, or patients exceeding length-of-stay targets) or increas-
ing the number of something (such as patients answering “excellent” on a
satisfaction survey). Accurate counts are an essential component of baseline
data, and can assist in profiling data for data quality management efforts.

Counts of data appear on almost every performance dashboard and
management report, and can figure prominently in the development of pre-
dictive models. Two common ways to report counts of variables include
[requency distributions and histograms.

FREQUENCY DISTRIBUTION Before working in depth with data, it is impor-
tant to get an overall sense of what the data “looks like” to have a better idea
of what statistical approaches might be appropriate. A frequency distribu-
tion is a count of occurrences of one or more of the values (or ranges of
values) that are present in a sample of data.

There are many uses for frequency distributions in healthcare quality
and performance improvement. These include counting (for example, the
number of surgical procedures performed, by procedure code, and at a
certain hospital site) and understanding the “spread” of the data, or how
tightly clustered it is. For example, a tabulation of the number of surgeries
performed in each of a hospital’s operating theaters over a specified time
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period could be illustrated in a frequency distribution. Frequencies are also
invaluable for identifying limitations in the data and highlighting cleaning
needs. For instance, frequency distributions can be used for determining the
percentage of missing values and invalid data entries in a sample of data.

A frequency distribution can display the actual number of observations
of each value, or the percentage of observations. Frequency distributions
are very flexible, in that they are appropriate for all types of data values (cat-
egorical, ordinal, interval, and ratio), so no other mathematical operation is
required other than counting (and calculating a percentage).

See Table 6.4 for a sample frequency distribution of emergency depart-
ment visits by triage level. Note that in this case, triage level is ordinal data—
the order matters (ranging from 1 being the most acute to 5 being the least
acute), but the difference between the numbers does not.

With the data graphing capabilities that are available in even the most
basic data analysis tools, it is very rare to see a frequency distribution table
without some graphic representation. Many people are able to grasp data
better through visual representation, and differences in values can often be
highlighted more effectively in a graphical format than can be done with a
simple table.

Bar graphs and line graphs are two very common ways to visualize
frequency data. See Figure 6.6 for a bar graph of the frequency distribution
shown in Table 6.4. Notice how the graph clearly shows the large number
of visits triaged as 3 and 4 compared to other triage scores. If the triage
scale is such that 1 is the most acute and 5 is the least acute, then it is clear
by Figure 6.6 that the emergency department represented in the graph sees
many more patients that are mid-to-low acuity than highly acute patients.

HISTOGRAM Sometimes a detailed picture of how data is distributed
throughout its range is necessary to answer questions such as: Do the val-
ues cluster around some single value? Are there many outliers? and What is
the overall “shape” of the data? To help answer these questions, a histogram
is used. A histogram is a specialized form of graph that is used to display

TABLE 6.4 Sample Frequency Distribution (Emergency Department Visits by Triage

Level)
Triage Level Visits (1) Percent (%)
1 364 0.80%
2 5,888 13.02%
3 17,907 39.58%
4 20,177 44.60%
5 904 2.00%
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Emergency Department Visits by Triage Level
Jan 1, 2012-Jan 31, 2012
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FIGURE 6.6 Frequency Distribution of Emergency Department Visits by Triage
Level

the distribution of a set of data over its range (or sometimes a portion of
the range). More formally, a histogram is an estimate of the probability dis-
tribution of a continuous variable (that is, a variable for which any value is
possible within the limits of the variable’s range).

See Figure 6.7 for a sample histogram drawn from emergency depart-
ment lengths of stay. A histogram is constructed by placing a series of adja-
cent bars over discrete intervals in a range of data; the height of each bar
represents the frequency of observations within that particular interval. A
histogram can be made more or less detailed by changing the size of the bin
that each bar represents. From the histogram in Figure 6.7, it is possible to
see that the majority of lengths of stay fall roughly between 0 and 5 hours,
and that there are a number of outliers that stay up to 24 hours. The main
difference between the histograms in Figure 6.7(A) and Figure 6.7(B) is that
(B) is divided into 30-minute intervals compared to 60-minute intervals in
(A). In summary, a histogram can be used:

= When data are numerical.
= To observe the shape of the distribution of data.
= To determine the extent to which outliers exist in the data.

Knowing the shape of a distribution can reveal important details
about the data and the processes from which the data was generated.® For
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FIGURE 6.7 Histogram of Emergency Department (ED) Length-of-Stay Values

example, a shape that resembles the normal distribution or “bell curve,” in
which data points are as likely to fall on one side of the curve as the other,
suggests that the underlying process may be in control, exhibiting expected
natural variation. Some statistical tests can only be performed on a data set
that is normally distributed. A skewed distribution is asymmetrical, leaning
to the right or to the left with the tail stretching away, because some natural
limit prevents outcomes on one side. For example, histograms of length of
stay (such as Figure 6.7) are very often skewed to the right (meaning the tail
stretches to the right) because lengths of stay cannot be less than 0. Another
common distribution observed in a histogram is bimodal, which shows two
distinct peaks. A bimodal distribution suggests that the sample may not be
homogeneous, and perhaps is drawn from two populations. For example, a
histogram for lengths of stay that included both admitted and nonadmitted
emergency department patients may exhibit a bimodal tendency, with one
peak occurring for the shorter lengths of stay for nonadmitted patients and
another peak from the lengths of stay of admitted patients.

Central Tendency

When you look at values associated with a quantitative variable (such as
length of stay), the values are not usually spread evenly across the range
of possible values, but tend to cluster or group around some central value.



106 Working with Data

Mode
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FIGURE 6.8 Measures of Central Tendency

This is called central tendency. A measure of central tendency, then, is an
attempt to describe data as accurately as possible, using a single value that
best describes how data tends to cluster around some value.

The three most common measures of central tendency are the mean (or
average), the median, and the mode. When a healthcare administrator or QI
team member asks for a summary of a set of data, one of these (or typically
both the mean and median) is usually what is implied. See Figure 6.8 for
an example of how the measures of central tendency may fall on a fictional
distribution of data.

The average (or mean) is probably one of the most commonly used
methods to summarize data, but it may also at times be misused. In essence,
the average is calculated by summing up all the values of a variable in a set
of data and dividing by the total number of observations. Average is a stan-
dard calculation on nearly every software tool that manages or manipulates
data, so is typically the default summary of data. There are a few key points
to remember when using averages. First, not all seemingly numeric data can
be averaged; average is only appropriate for ratio and interval data (such
as time, weight, temperature, and other physical observations). If a 5-point
triage scale is in use, it would never make sense to say, “Our average triage
acuity score was 3.4 today.” (An alternative, however, would be to say, “Over
50 percent of our cases were triaged at level 3 or higher.”)

Another issue with mean is that it is susceptible to outliers. If all obser-
vations in a data set tend to cluster around the same set of values, then
average may be an accurate representation of that clustering. The average,
however, can be skewed by small numbers of observations at extreme ends
of the range of values. For example, if the typical hospital stay is between
two and three days, the average of all observations can be skewed upward
by even relatively few numbers of patients with extreme lengths of stay (say
30 days or more). See, for example, in Figure 6.8 that there is a group of
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outliers in the upper value ranges of the x axis, and as a result the mean is
skewed to the right (that is, it is made to be larger).

There are other ways to summarize data either in conjunction with or
instead of mean if the data is likely affected by outliers or is not a ratio or
interval type. The alternative is to use the median (and percentile values).
In essence, a percentile is the particular value in a set of data below which
a certain percentage of the observations in a data set are located. For exam-
ple, in a sample set of data, the 25th percentile is the value below which
25 percent of the values fall. Likewise, the 90th percentile is the value in
the set that 90 percent of the samples lie below. The median is a specific
instance of a percentile—it is the name given to the 50th percentile; in a
data set, half of the observations of a particular variable will be below the
median value, and the other half above it. In Figure 6.8, the median is much
closer to the main clustering of observed values than is the mean due to the
effect of the outliers. Figure 6.8 also illustrates the mode, which is the value
in the data set that occurs the most frequently. Interestingly, I have never
been asked for the mode of a data set directly, but rather I get asked for
“mode-like” information, such as “What is the triage acuity with which most
patients present,” “What time of day do we see the most patients walk in the
door,” and “What is the most commonly ordered diagnostic test.”

Median and percentiles are valuable measures of central tendency in
healthcare because they are not impacted by extreme outliers in a data set.
In addition, median and percentiles can be calculated for ordinal, interval,
and ratio data types. (They do not apply to categorical data because there
is no implied order in the categories.)

The Big Picture

It is seldom a good idea to report complex healthcare performance param-
eters as a single value. For example, what does an average hospital length
of stay of 4.9 days really mean? Judging from that number alone, it can mean
anything from almost all patients staying nearly exactly five days to half of
the patients staying less than one day and the other half of patients staying
10 days. While neither of these scenarios is particularly likely, it is impos-
sible to discern what the true distribution of patient lengths of stay looks
like from a single value.

Given the current capabilities of even relatively inexpensive analytical
tools (not to mention some exceptional capabilities in open-source soft-
ware), there is no excuse for not presenting information in a comprehensive
manner that provides a more complete picture of quality and performance
within the HCO. Just as it would be absurd for a pilot to navigate a plane
based on “average airspeed” or “median altitude,” it is now up to HCOs to
guide clinical, administrative, and QI decision making with data that is more
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TABLE 6.5 Summary of Three Months of Emergency Department Length-of-Stay
Data

Statistic Value (hours)
Average 4.86
Median 3.25
Maximum 23.97
25th percentile 1.88
75th percentile 5.68
90th percentile 10.37

comprehensively and accurately summarized (and in ways that make the
data easier to understand).

Consider a data set containing three months of visit data for a midsized
emergency department during which time there were 11,472 visits. Provid-
ing just a few basic statistics can help to provide a more complete picture
than a single statistic alone; when combined with a graph, the result is even
more helpful. The three-month performance of our midsized emergency
department can be summarized in Table 6.5.

In Table 6.5, the average length of stay (LOS) is 4.86 hours whereas the
median LOS is 3.25 hours. Table 6.5 also indicates that 75 percent of the
visits had an LOS of 5.68 hours or less, and 90 percent of the LOS values
were at 10.37 hours or less. What do these basic statistics tell us about the
LOS data? Since the median is the midpoint of the data (or the 50th percen-
tile) and the average at 4.86 hours is 1.61 hours greater than the median,
with the value at the 90th percentile (10.37 hours) being almost twice that
of the 75th percentile, those differences tell us that the data, in some way,
is skewed. (If the data was tightly clustered around the mean, there would
be very little difference between the mean and the median.) Judging from
the values alone, it is possible to determine that although 75 percent of the
visits experience an LOS of 5.68 hours or less, 25 percent are in fact greater
than 5.68 hours and 10 percent are greater than 10.37 hours. While these
values when used in concert provide a better overview of LOS performance
than a single statistic (such as average) used alone, there is nothing really
“actionable” in this data, and there are no real clues as to where to begin
looking for opportunities for improvement.

When the statistics in Table 6.5 are combined with an appropriate
visualization of the LOS data (such as a histogram) as in Figure 6.9, the
picture becomes more complete. With the visualization, users of the infor-
mation can see that indeed the majority of emergency department visits are
between 0 and 6 hours, but also that there are considerable numbers of
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FIGURE 6.9 Histogram of Emergency Department Length of Stay with Measures of
Central Tendency

visits between 6 and 24 hours. One thing that the data in Table 6.5 did not
indicate is the small cluster of outliers around the 20-hour mark. Whether
this group of outliers around 20 hours is indeed an issue and worthy of
further investigation will require additional analysis of the data. The point
is, however, that without a more thorough summarization of the data (using
multiple statistics and appropriate visualization), this potential opportunity
for improvement might not have been noticed.

Another very useful way to summarize data is to use a box-and-whisker
plot. Box-and-whisker plots present a very concise summary of the overall
distribution of a given variable within a data set.” Figure 6.10 is an exam-
ple of a box-and-whisker plot; in a single graphical element, the box-and-
whisker plot illustrates:

1. Lower extreme—the smallest value of the variable.

2. First quartile—the value below which 25 percent of the observations
are situated.

3. Median—the value below which half of the observations are situated.

4. Third quartile—the value below which 75 percent of the observations
are situated.

5. Upper extreme—the largest value of the variable.

6. Outliers—any data that is not included between the whiskers.
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FIGURE 6.10 Example Box-and-Whisker Plot

The bottom and the top of the box in this type of plot always represent
the first and the third quartiles, and the band within the box always repre-
sents the median. There are some variations in the way the lower and upper
extremes, or the whiskers, can be plotted. Some common variations include
where the ends of the whiskers represent:

= One standard deviation above and below the mean of the data.
= 1.5 times the interquartile range.
= The minimum and maximum of all data in the data set.

In fact, the whiskers of a box-and-whisker plot can represent almost
any range that suits the particular needs of an analysis as long as the speci-
fied range is clearly labeled on the plot. When data exists that does not fall
within the specified range of the whiskers, it is customary to individually
plot those outlier data points using small circles.

Box-and-whisker plots are helpful to compare the distributions
between two or more groups to help determine what, if any, differences in
performance or quality may exist as exhibited by variations in their data. For
example, even though two subgroups of data may exhibit similar character-
istics (such as mean or median), a box-and-whisker plot helps to determine
the presence of any outliers in any of the groups, and how the overall
spreads in the data compare. Figure 6.11 illustrates emergency department
LOS data graphed in a box-and-whisker plot broken down by acuity level.
In Figure 6.11, it is possible to see how the different subgroups (triage acu-
ity leveD) differ in their medians and spread, suggesting that these patient
subgroups follow different trajectories during their emergency department
stay.

Scatter plots are used to determine if there is a correlation or relation-
ship between two variables.® For example, Figure 6.12 is a scatter plot with
emergency department time “waiting to be seen” (WTBS) by a physician on
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the x axis and “left without being seen” (LWBS) on the y axis. By plotting
the two variables against each other on the graph, it is possible to see the
direction and strength of their relationship Gf any). Figure 6.12 shows that
there is a positive, but somewhat weak, and generally linear correlation
between WTBS and LWBS when daily averages of LWBS and WTBS were
compared; this makes intuitive sense, since the longer people need to wait
for a doctor in the ED, the more they are likely to leave and seek treatment
elsewhere. The more defined the trend is on the graph, the stronger the
relationship (either positive or negative); the more scattered the plotted
values are, the weaker the relationship.

Scatter plots are often the starting point for more advanced analytics.
Scatter plots often may provide a clue that a relationship between two (or
more) variables does exist and that it may be possible to model that rela-
tionship and use it for predictive purposes.

Data summarized in ways similar to those described in this section
is more complete, more useful, and more likely to provide actionable
insight than a single statistic or high-level summary, yet does not require
significantly more statistical literacy on the part of the consumers of the
information.

I am not advocating that every dashboard, report, and other analytical
tool must be loaded with as much context and information as possible; this
would indeed lead to information overload. The purpose of these examples
is merely to illustrate that because many quality and performance prob-
lems in healthcare are complex, the more ways that a problem or issue can
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FIGURE 6.12 Scatter Plot of Left without Being Seen Rates and Emergency
Department Length of Stay

be broken down and analyzed, the more likely it is that opportunities for
improvement will be identified and that changes in quality and performance
can be detected and evaluated. That is, after all, what I believe healthcare
analytics is really about.

Summary

In my experience developing analytics for quality and performance improve-
ment, I have rarely needed to rely on much more than these descriptive
statistics to effectively communicate and identify process bottlenecks, per-
formance changes, and overall quality. T believe it is much more important
to focus on getting the data right, and focus on getting the right metrics that
truly indicate the performance of the organization, than using complex sta-
tistics to overcome poor data quality and/or looking for a signal in the noise
when there is no real signal in the first place. I have seen many analysts
bend over backwards trying to use statistics to look for a change in perfor-
mance when in fact the data was not good enough to answer the question
that was being asked. Statistical analysis should never be a substitute for
good data, for well-defined metrics, and should never be used to look for
something that is not there.
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CHAPTER

Developing and Using
Effective Indicators

What'’s measured improves.

—Peter F. Drucker

Healthcare organizations (HCOs) have more data available to them than
ever before. Raw data is rarely useful, however, for healthcare quality and
performance improvement. To begin with, there is now often foo much
data generated through all the activities and systems within healthcare to
use effectively. Indicators provide convenient performance snapshots of
processes, financial measures, and outcomes critical to the quality and
performance goals of the HCO. This chapter will discuss the importance of
indicators in quality and performance improvement, and how to create or
choose indicators that are most effective for the requirements of your HCO.

Measures, Metrics, and Indicators

There is a saying that “you can’t improve what you can’t measure.” While this
may not be strictly true—I have seen HCO undergo tremendous improve-
ment via the foresight and vision of remarkable leaders—bringing about
change in healthcare requires measurement of processes and workflows
and effective representation of those measurements.

As a result of the increasing volumes of available data and the abun-
dance of analysis tools, many different reports, dashboards, and other infor-
mation requests are being generated for decision making. Even though
HCOs are experiencing a proliferation of dashboards and other informa-
tion tools, many are still struggling to improve their quality, performance,

115
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HOW TO MAKE MEASURES MORE USEFUL

There is some thinking that the development of metrics and indicators
is the sole domain of the business or QI teams. It is vital that analyt-
ics teams are aware of how to develop effective indicators, however,
because it is they who bring indicators to life. They need to know not
only how to analyze data but also how to put that data into context.
When asked for metrics and measures, analytics teams should know
that the analysis is only part of the solution; every indicator should
be presented with appropriate ranges and targets. If this information
is not available for inclusion with the indictor on a dashboard, report,
or other analytical application, analytics teams should approach the
requestor of the information for that context. Without that context,
the information gets buried in just another report that does not assist
the HCO in making decisions or achieving its quality goals.

and competitiveness. It is clear, then, that having data, producing more
reports, and developing more dashboards is not the only answer.

Rather than simply collecting more data, healthcare leaders need infor-
mation grouped and summarized in logical ways that let them know how
their organization is performing. The usual starting point is to define mea-
sures, metrics, and indicators that are representative parameters for examin-
ing the performance of the organization. These three terms are commonly
(but incorrectly) used interchangeably. Although there is by no means uni-
versal agreement as to the exact definition of the terms, the definitions
below are sufficient to convey how the terms differ in meaning, and how
those differences relate to the measurement of healthcare.

Tip

Rather than simply collecting more data, healthcare leaders need infor-
mation grouped and summarized in logical ways that let them know
how their organization is performing.

Measure. The term “measure” (when used as a noun) in healthcare typ-
ically refers to a quantitative value representing some aspect of patient care,
and may (or may not) be linked to specific performance and QI initiatives.
Typically, measures have not been processed (except for perhaps being
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FIGURE 7.1 Sample Graph of a Measure (Number of Patients Triaged)

grouped in some logical manner) and may include variables such as time
(such as hours waiting), counts (such as patients), and other similar data.
Since almost any quantitative value can be considered a measure, I like to
consider measures as the raw data that forms the basis for further analysis.

Figure 7.1 illustrates a measure—simply the number of patients who have
been triaged in the emergency department over a seven-day period. This
information is “nice to know,” in that it provides some context as to the busy-
ness of the emergency department over that time period; however, it doesn’t
provide any additional information about the performance of the department.

Metric. A metric is some aspect of healthcare quality or performance
to which a quantitative value is attributed for purposes of monitoring and
evaluation. T consider metrics to be measures with more focus and purpose.
Metrics typically specify a given point of time or a time period. Metrics can
be situational (for example, they may be relevant only for a special purpose
or project), but can also measure performance longitudinally, as long as the
metric is relevant to some aspect of quality or performance that the HCO
needs to monitor. Examples of metrics used in healthcare improvement
include time (such as length of stay), number of patients seen by a physi-
cian per shift, number of medication errors, and other important descriptors
of quality and performance.

Figure 7.2 illustrates a metric, in this case the percentage of patients
whose triage scores were overridden by the triage nurse from what was
suggested by the computer’s triage algorithm. I would consider this a met-
ric, because it ties directly to a process within the department (the triage
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of patients) and it relates to quality (too frequently overriding triage scores
may present a clinical and legal risk, and may suggest that the computerized
triage algorithms need adjusting). The purpose of monitoring this metric is
to minimize clinical and legal risk and to ensure clinical quality.

In this case, we can see that March 1 and 2 had higher override rates
than the other seven days, but the chart tells us little else. A few things are
missing from this metric that would make it really useful: some indication
of what a good (or acceptable) override rate is—the target—and how cur-
rent performance measures up against previous (or baseline) performance.
Without this additional context, it is difficult to know if any corrective action
is necessary, and if so, what action to take.

Indicator. A metric without context may be insufficient for making
decisions—it is merely “a number,” and having too many metrics may actu-
ally contribute to information overload and impede decision making. Indict-
ors, then, are metrics that are more useful for driving business decisions,
because indicators have context assigned to them. See Figure 7.3 for the
graph of a sample indicator. Some of the most important pieces of con-
textual information that separates an indicator from a metric is having an
acceptable range and target assigned to the indicator, which is necessary to

= Identify whether current performance is “good” or “bad,”
= Determine how far away performance is from reaching its performance
target, and
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= Tell whether performance is trending toward meeting the target (or
staying within target range) or if it is trending away from the target (or
trending toward becoming out of the target range).

The triage override rate metric becomes a true indicator and trigger
for action once we add the baseline performance (so that we can com-
pare current performance over past performance, in this case, over the last
30 days) and the target (which is what would be considered an acceptable
rate of triage override). With the two new pieces of information, we can see
in Figure 7.3 that, over all, performance over the last seven days was bet-
ter than the baseline for five out of seven days, and that performance was
within the target range for four out of seven days. It is possible that March 2
and 7 are outside the target range due to random variation, but March 1
appears to stand out. This could, for example, trigger the nurse manager to
see who was triaging that day—perhaps one or more of the triage nurses
is inexperienced and needs a refresher on the triage tool. Note how impor-
tant the target information is: if the acceptable range for override rates was
20 percent (not 10 percent), then likely no corrective action would need to
be taken at all.

To keep focus on the measures that matter, performance dashboards
should be populated with indicators. Indicators are preferable on dash-
boards and performance reports because they relate to a particular process
or other component of the healthcare business. When using indicators with
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an appropriate visualization approach (such as a line or bar graph), not
only can trends be spotted, but also the associated targets highlight whether
performance is good or bad, and improving or getting worse.

Developing Effective Key Performance Indicators to Focus
Improvement Efforts

Key performance indicators (KPIs) are defined as “a set of measures focus-
ing on those aspects of organizational performance that are the most critical
for the current and future success of the organization.”

Although many executives and other decision makers may have differ-
ent opinions about what constitutes “critical for the success of the organiza-
tion,” KPI expert David Parmenter has identified the five main characteristics
of KPIs that work for successful organizations:?

1. Expressed in nonfinancial measures.

2. Measured and reported frequently (typically daily, 24/7).

3. Acted upon by senior management (including chief executive officer)
and key decision makers (to ensure that the KPI can make a difference).

4. All staff understand both the measure and the particular corrective
action required (so that all know their part in improving quality and
performance).

5. Ties responsibility of performance and action to the individual or team
(so that no KPI and accompanying corrective action goes unassigned).

Despite their obvious value to managing an organization, KPIs are
claimed by some people to be “dead.” These claims are made on the basis
that with so much data now available to some HCOs on nearly every aspect
of their clinical and operational performance, insight on any aspect of per-
formance is now merely a click away and thus does not need to be boiled
down to a handful of indicators. While this point may be true, HCOs can
focus on only a few areas of improvement at a time. Indicators are abso-
lutely necessary for organizations to stay focused on the issues and actions
that matter the most at a given period of time. As priorities of the HCO
change, new indicators will emerge and older, less relevant ones will be
deemphasized. In this way, the key priorities of the organization can always
stay in focus with the proper indicators selected.

Tip

Indicators help organizations stay focused on the issues and actions that
matter the most at a specific period of time.
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It is important to have indicators, but if they are not measuring the right
things, then it’s likely improvement efforts will falter. In healthcare, there are
literally hundreds, if not thousands, of parameters that could be monitored.
How can an HCO choose which parameters to follow and turn them into
relevant, effective indicators?

A common acronym that is used to help guide the development of indi-
cators is SMART. That is, well-formed indicators that can be used to identify
bottlenecks and other quality issues and to drive decision making should,
whenever possible, be:

= Specific

= Measurable
= Actionable
= Relevant

= Time-bound

Specific. It must be clear exactly what it is the indicator is measuring,
and what the defined acceptable ranges and targets are. The indicator must
describe a unique, distinguishable component of the business (such as pro-
cess or workflow). A poor example is “length of stay,” which is generic and
doesn’t indicate what it is that we’re measuring the length of stay of. A better
example would be “length of stay for emergency department patients who
are not eventually admitted to hospital.” The acceptable ranges and targets
associated with indicators must also be specific. For example, an emergency
department length of stay of less than four hours for 95 percent of patients
is a specific target. The more specific indicators are, the better they are at
discerning changes in performance.

Measurable. Even though an indicator may be very specific, it may
not be measurable. This may be because no data can be obtained to cal-
culate the indicator value, or that the data is incomplete and inaccurate.
There is no point in creating an indicator, even if it is vital to the business,
if sufficient data is not available. For example, tracking the number of
times an electronic chart is corrected might be an important indicator of
data and/or clinical quality, but if that data is not available in audit data,
then it’s necessary to refocus efforts on developing indicators that can
actually be measured.

Actionable. “Actionable” is a commonly used word, but what does it
mean? As an example, the fuel indicator on a vehicle’s dashboard is action-
able because when the indicator gets too close to the empty mark, it is obvi-
ous when to take action (and what action to take)—the driver must fill up
with fuel or risk running out of gas. Ideally, healthcare indicators should also
be similarly actionable in that the performance trends they monitor identify
when action is needed. For example, if a real-time indicator suggests that a
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patient is at high risk for falls, then the appropriate falls-prevention protocol
can be activated to prevent that occurrence within the department.

Relevant. The problem with information is that sometimes there’s just
too much of it. It takes a lot of effort to turn around the performance of an
HCO, and QI teams can only focus on a few problems at a time. Bombard-
ing teams, management, and executives with too much extraneous informa-
tion can actually complicate the decision-making process. Indicators should
be chosen for their importance to the effective operations of the HCO and
their relevance to the goals and objectives of QI projects.

Time-bound. When appropriate, indicators and their associated tar-
gets should be time-bound. That is, the indicator should specify what time
period the indicator covers (daily, weekly, monthly), and the target should
also indicate what time frame the indicator is aiming for (e.g., within one
week, one month, etc.). For example, if the rate of central line infections is
an indicator of interest, a relevant time frame and target date must also be
defined when measuring and reporting the data.

Aligning Indicators with Data and Processes

The section in Chapter 6 titled “Aligning Processes with Data” discusses
the importance of aligning data with business processes so that important
contextual background (such as business rules) can be incorporated into
analytics. Indicators must also be in alignment—with both data and pro-
cesses. Indicators must align with one or more data points, since, after all,
indicators are a summarization of performance based on data.

The reason that metrics and indicators must maintain alignment with
both data and processes is because any changes in processes that are being
monitored by indicators may in fact violate basic assumptions of the indica-
tor’s calculations. In other words, process changes may result in changes to
data that in turn incorrectly impact the calculation of indicators.

An important case in point comes from my own experience. Prior to
implementing electronic clinical documentation, we would use data from
our emergency department information system to calculate the length of
stay of a patient as the time the patient was originally registered in the sys-
tem prior to triage to the time the patient was removed from the tracking

MORE ABOUT INDICATORS

Please visit this book’s web site, http://HealthcareAnalyticsBook.com,
for additional examples of indicators and for resources about the crea-
tion of effective healthcare performance indicators.
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board. The rationale for using removal from tracking board as the endpoint
of the visit was that the manually inputted discharge time was the time a
disposition decision was made (i.e., when the physician decided the patient
could leave), not the actual time the patient left the department. The time
the patient was removed from the board, on the other hand, was the time
the patient actually vacated the bed, so we felt this was a better indication
of length of stay.

It turned out that after the implementation of electronic clinical docu-
mentation, a process was devised to keep patients on the tracking board
longer by placing them in a special temporary location, as a visual cue to
remind care providers to complete their documentation. Within two weeks
of the change in system and process, the average length of stay for the
department increased by 0.6 hours, with some patients having two or more
hours tacked onto the end of their visit even though they were no longer
in the department.

In this case, it was the change in process that prompted my team to
review the data, which uncovered the issue of extended length-of-stay val-
ues. One of the solutions was to modify the length-of-stay calculations per-
formed during the Extraction/Transformation/Load process to account for
the extra time patient names were kept on the tracking board in the special
temporary location. It is easy to see how, without a clear understanding of
how process impacts data, a calculation as basic as length of stay can be
corrupted. And because length of stay is fundamental to many key indi-
cators of emergency department patient flow, the basic decision-making
value of these indicators would have been severely compromised had this
relatively simple process change, which really has nothing to do with actual
patient care, not been detected early on.

Given the number of processes and associated data elements that make
up the delivery of healthcare, staying on top of changes to data, process,
and indicators is not a trivial task. This is another argument for analytics
teams to be in close proximity to the business and to the people who are
intimately familiar with processes and how they evolve over time. This con-
nection is crucial—without a close connection between process experts and
analytics experts, it is exceedingly difficult to maintain the close connection
necessary between data, process, and indicators in decision making and
performance improvement.

Using Indicators to Guide Healthcare
Improvement Activities

With an endless potential array of quality metrics and indicators, how
do healthcare executives, unit managers, QI professionals, and analytics
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developers know what information is important and necessary for making
the right decisions? With so many facets of healthcare, and with so many
possible indicators to develop, it can be challenging to choose which indi-
cators to focus on.

Two of the most important qualities of indicators are that they are rel-
evant and actionable. In other words, indicators must be useful for under-
standing the most pressing quality and performance issues facing an HCO,
should identify what needs to be done to mitigate those quality and process
issues, and ultimately should trigger appropriate action when certain condi-
tions arise.

Relevant indicators are aligned with the goals and objectives of the
HCO, and can be defined for two major levels—strategic and tactical. Fig-
ure 7.4 illustrates that the metrics, indicators, and associated targets that
drive analytics can be defined from a top-down perspective for indicators
that are in alignment with the strategic goals and objectives of the organiza-
tion, and from a bottom-up perspective to meet tactical-level requirements.
Figure 7.4 also highlights that the “voice of the customer” (especially the
patient) is crucial for defining metrics and indicators at the tactical level and
used for specific quality and performance improvement initiatives.

Strategic goals are the quality goals and objectives for the entire orga-
nization, and specify the overall performance levels that the HCO aspires to
achieve. These strategic goals typically are based on published best practices
and what the HCO feels it needs to achieve. Alignment of indicators is neces-
sary so that the goals and objectives are communicated (and being adhered
to) throughout the organization. Dashboards, reports, and other analytics
that provide focus to the key indicators are an excellent method of com-
municating these important goals and targets throughout the organization.

Focusing only on strategic goals and targets, however, may not provide
enough information for use at the unit, department, or similar level. In my
experience, the most productive and innovative QI activities occur at the
tactical level, that is, at or near the front line where the activities associated
with providing healthcare are actually performed. For frontline decision
making and QI efforts, a complementary set of metrics and indicators (or
submetrics and subindicators) can be developed for use at the tactical level.
Frontline improvement activities use tactical-level indicators to monitor and
evaluate performance during and after improvements have been made.

Strategic Level Strategic Objectives

Analytics Metrics | Indicators | Targets

Tactical Level Tactical Objectives | Voice of the Customer

FIGURE 7.4 Aligning Indicators with Strategic and Tactical Objectives
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FIGURE 7.5 Hierarchy of Strategic-Level Indicators and Tactical-Level Indicators and
Subindicators

Tactical-level indicators are based on the needs of specific QI activi-
ties (and perhaps remain relevant only during the span of a project and its
evaluation period) and exist at the tactical level where most of the actual
improvement activities are performed. Subindicators at the tactical level
break down a strategic-level indicator into more detail that is relevant to
a performance improvement project. Improvement projects may also have
their own specific relevant indicators; these are not necessarily related to
strategic-level indicators but are important for understanding performance
and ongoing evaluation related to a specific improvement project. This hier-
archy is illustrated in Figure 7.5.

Selecting Appropriate Indicators

With literally hundreds of data elements being generated on some modern
EMR systems, it is important to differentiate which of this data is important
to analyze and report on for the purposes of improving healthcare, and
which should be set aside until needed at another time. It is likely that only
some of the data available is relevant to the current quality and improve-
ment performance goals of an HCO, and even less is directly actionable.

Yet with so much data available for analysis, the temptation is to create
numerous indicators and to build a collection of dashboards to display them
all. Creating too many different dashboards and reports risk causing an
increase in information overload and loss of focus on improvement goals,
which is counterproductive to the goal of improving the healthcare system.

When healthcare is under pressure, it is important to provide manage-
ment and QI teams with the key pieces of information they need to focus
on the most important problems and to make appropriate, timely decisions.
The use of indicators to guide healthcare improvement activities often falls
into one of two extremes: using a single or too few indicators to reflect the
performance of a department, program, or facility, or the other extreme,
which is using too many indicators.
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Due to the complexity of healthcare, and the myriad factors that impact
quality and performance, it is nearly impossible for a single metric or indi-
cator to reflect accurately changes to the system. For example, efficiently
functioning HCOs must measure many aspects of their performance, rang-
ing from quality clinical care to administrative efficiency, to evaluate their
performance, detect any problem areas, and take any necessary corrective
action.

Using too many indicators (and who hasn’t seen a dashboard crammed
with every indicator possible?) serves only to confuse decision making.
In the same manner that a pilot will focus on about six key instruments
throughout most of a flight (with supplemental information being provided
by other instruments), the critical indicators derived from approaches such
as Lean and Six Sigma can guide decision making on the part of the HCO
and result in real healthcare improvement.

HCOs need to be able to monitor many aspects of their performance to
ensure that performance is attained and/or sustained at the desired levels.
One way to make effective use of indicators is to bundle them into three
groups: outcome, process, and balancing,?® as outlined in Table 7.1. Out-
come and process indicators are aligned with the healthcare elements of
process and outcome described in Chapter 4.

Process and outcome indicators are typically what are monitored from
an organizational standpoint and during QI activities. Including a variety
of measure types in performance reports and dashboards is necessary to

TABLE 7.1 Outcome, Process, and Balancing Indicators

Indicator Type Description

Outcome Measures overall system performance, and includes the voice
of the patient (or customer) and the results of improvement
initiatives.

Examples: percentage of unplanned emergency revisits,
percentage of patients experiencing adverse outcomes.

Proce

o2}
»

Measures how well key components (processes, workflows,
steps) are performing.

Examples: percentage of patients receiving rt-PA within the
appropriate window, percentage of patients with chest pain
having EKGs taken and read within 10 minutes of arrival.
Balancing Provides a look at the system as a whole as processes and

outcomes are improved, and may help identify unintended
consequences.

Examples: changes to staff workload as improvements are
implemented, staff satisfaction.
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obtain a comprehensive understanding of an organization’s performance
and the impact of improvement activities. Focusing on too many of one
type of measure (such as outcomes), or even one particular outcome (such
as length of stay) may lead to tunnel vision and an inability to spot any qual-
ity and performance issues in areas that are not being closely monitored.
Likewise, having too many of any type of indicator will result in lack of
focus. For any given improvement project, having between three to eight
of the balancing measures is recommended.® This is a manageable number
of indicators for decision makers and QI teams, and using all three types of
indicators will enable a broader approach to monitoring the success of an
improvement initiative.

Notes

1. David Parmenter, Key Performance Indicators: Developing, Implementing, and
Using Winning KPIs (Hoboken, NJ: John Wiley & Sons, 2007), 3.

2. Ibid., 5.

3. Lloyd P. Provost and Sandra K. Murray, The Health Care Data Guide: Learning
JSfrom Data for Improvement (San Francisco: Jossey-Bass, 2011), Kindle ed., loca-
tions 1326-29.
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CHAPTER

Leveraging Analytics in
Quality Improvement
Activities

Knowing is not enough, we must act.

—TJohann Wolfgang von Goethe

Data and information alone are not sufficient to achieve transformation in
healthcare. Information and insight need to operate within a framework or
methodology for quality and performance improvement decision making.
Such a framework is necessary to identify priorities for improvement and
evaluating outcomes. This chapter will focus on how to leverage analytics
within a quality improvement (QI) environment to assist the healthcare
organization (HCO) in achieving its quality and performance goals.

Moving from Analytics Insight to Healthcare
Improvement

When used in concert with QI methodologies such as PDSA, Lean, or Six
Sigma, analytics helps to identify the most pressing quality issues facing
the HCO based on needs defined by patient safety, the quality goals of the
HCO, national standards, and legislative requirements. These improvement
methodologies leverage the insights gained from analytics, within their
respective structured approaches, to develop interventions and solutions for
healthcare quality and performance issues and evaluate outcomes to ensure
the long-term sustainability of improvements.

129
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FIGURE 8.1 Five Quality Improvement Phases

To gain maximum value from analytics, QI projects need to be able to:

= Retrieve and analyze baseline data to document current performance
and/or quality measures against which to compare future performance;

= Utilize or develop well-defined performance indicators (PIs) that accu-
rately reflect the processes, procedures, policies, or treatments being
changed; and

= Perform ongoing evaluation and reporting of relevant PIs to quantify
the impact of implemented changes and to identify if further revisions
to processes or policies are required.

Chapter 4 outlines the necessity of clearly defining what quality means in
the context of the HCO, and also provides an overview of several common
QI methodologies, such as PDSA, Lean, and Six Sigma. Regardless of which
methodology is chosen, analytics can be incorporated at many decision and
analysis points throughout a QI project, and in most decision-making pro-
cesses within the HCO. This chapter will focus on the key role that analytics
plays throughout quality and performance improvement initiatives. Following
are five phases of a QI project during which analytics can be leveraged to
help move from analytics insight to healthcare innovation and improvement.
The five phases are illustrated in Figure 8.1 and described in more detail here.

Analytics is important in almost every phase of healthcare quality and
performance improvement. Regardless of the QI framework chosen, the
analytics needs of QI initiatives depend on:

= The phase of the initiative;
= Who is using analytics;
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= What information and insight is required; and
= How that insight and information is being used.

Accurate information is necessary to understand the scope of the
problem(s), identify the best possible solutions, evaluate those solutions
once implemented, and monitor ongoing performance to help ensure that
the improvements have been sustained.

The quality and performance problems that HCOs endeavor to address
should, where possible, be in alignment with the quality and performance
goals of the organization as stated in its quality and performance strategy.
Those quality and performance goals serve as a kind of “true north” for
keeping the organization on track as competing interests and requirements
detract from strategic improvements. On occasion, problems will emerge
that are not strictly aligned with the quality strategy but are nonetheless nec-
essary to deal with. Because HCOs may have limited resources for under-
taking multiple projects, the competing priorities need to be ranked in some
way so that the highest-priority issues come first. Depending on the HCO’s
needs, the importance of problems can be ranked in different ways; three
common bases for ranking issues facing an HCO are:

1. Clinical. Clinical concerns are perhaps the most important reason to
undertake an improvement project. An HCO’s clinical performance
directly impacts the satisfaction and safety of patients whose care has
been entrusted to the HCO. Clinically related improvement initiatives
have as their goal to reduce adverse clinical outcomes and to ensure
that patient care is delivered as per best practice guidelines. An exam-
ple of an opportunity with a clinical focus is working on emergency
department processes for stroke patients so that they receive the recom-
mended imaging tests and medications within the proper window to
minimize the loss of brain tissue.
Financial. As HCOs strive to become more financially healthy, finan-
cial considerations are likely to be a priority when selecting improve-
ment initiatives. In this case, the costs of inefficiency, errors, or simply
of doing business are likely to factor highly. For example, a health-
care payer may realize that doctors at a certain hospital are ordering
more, expensive diagnostics than at other, similar hospitals. In this case,
the payer would work with the hospital in question to identify new
processes, guidelines, procedures, and even training to reduce these
unnecessary diagnostics and associated costs.

3. Regulatory/legislative. Another prime driver of improvement activi-
ties is regulatory and legislative changes and/or incentives. For exam-
ple, the U.S. Centers for Medicare and Medicaid Services introduced
an incentive program rewarding qualifying HCOs and providers for

e
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implementing or upgrading electronic medical records and demonstrat-
ing meaningful use.! This incentive program resulted in many HCOs
and providers updating their processes and policies around the use of
this technology in order to qualify for the incentive payment.

When classifying problems into each group listed previously (or other
types of issues not listed here), HCOs can calculate the cost (whether mea-
sured in financial, clinical outcomes, or other terms) of poor quality and
performance and begin to estimate the potential value or benefit of address-
ing their root causes. Those with higher associated costs and/or greatest
potential benefit or value are considered higher-priority than those with
lower associated costs. Using this type of ranking rationale helps organiza-
tions to become more transparent and quantitative in their decision making
so that a decision to address one or a few problems over others can be
quantitatively supported.

Analytics in the Problem Definition Stage

Once a problem has been identified and selected as a priority for the orga-
nization to address, the first step is to start with a clear and detailed descrip-
tion of the quality or performance problem (or other issue) that must be
improved. The important considerations of this step are:

= What are the goals/objectives to which this problem relates?

= What are the relevant indicators and metrics?

= What baseline data is available, and what data will be available moving
forward for monitoring and evaluation?

One of the first steps is to quantify and measure the magnitude of the
problem. The problem should relate to the strategic quality and perfor-
mance improvement objectives of the organization and/or the tactical-level
improvement goals of units, departments, and programs, and wherever pos-
sible be described and quantified in terms of the appropriate metrics and
indicators. The results of this process help to filter all the possible metrics
and indicators, based on possibly hundreds of available data points, down
to the critical few indicators required for the success of a quality and per-
formance improvement project.

The information-gathering and benchmarking phase typically sees QI
team members obtaining data regarding the issue in question. Once met-
rics and indicators are decided upon, critical to any QI initiative is effective
baseline performance information. Useful baseline information, however, is
more than just the collection of historical data. Baseline performance is a
quantitative description of some aspect of the HCO’s performance measured
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Baseline performance data is a quantitative description of some aspect
of the organization’s performance measured prior to undertaking an im-
provement initiative.

prior to the undertaking of an improvement initiative. (If no quantitative
data is available, a qualitative description is sometimes helpful.) An accurate
baseline is necessary for determining whether any actual change in perfor-
mance has taken place, and what the magnitude of that change is.

Every QI project will require baseline data. In fact, baseline perfor-
mance data is helpful in the everyday operations of the HCO. Baseline data
can put current performance in perspective; for example, are the number of
visits, lengths of stay, admission rates, or bed turnaround times today bet-
ter or worse than typical? This has an important impact on dashboards and
other similar tools, where baseline quality and performance information can
add very valuable context to current real-time performance values.

In some cases, baseline data may not be available (for example, with the
opening of a new unit or clinic, or with the adoption of a brand-new technol-
ogy). In these cases, baseline data should be established as soon as possible
into the improvement activity in order to gauge performance changes. The
information gathered in this phase of the QI process is typically more static
and historical in nature, may require some basic statistics to tease out actual
performance values, and can be visualized in various types of statistical pro-
cess control (SPC) charts to determine how “in control” a process is.

Knowing the true magnitude of a change requires both an accurate
starting point and ending point. For example, almost any medical proce-
dure performed on patients at a healthcare facility requires a complete
baseline (including height, weight, lab results, and diagnostic imaging as
necessary)—no healthcare provider would even consider performing a pro-
cedure without knowing as much about the patient as possible. Yet health-
care QI projects are undertaken too often without the benefit of clearly
knowing current and/or historical performance, and this is why many of
those projects fail.

Tip

Baseline data should be based on and measured in the exact same way
as the indicators developed for the QI project.
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Baseline data should be based on and measured in the exact same
way as the indicators developed for the QI project. In order to ensure that
baseline data is a true measure of existing performance, the following con-
siderations should be made:

= Data source. Wherever possible, the source of baseline data should be
the same as that used for ongoing measurement and evaluation; if the
sources of data are different (for example, before and after the imple-
mentation of a new system), differences in the way data were recorded,
processes were interpreted, and data was analyzed must be taken into
account or there is a risk of performing an invalid comparison and per-
haps reaching inaccurate conclusions.

= Data quality. If baseline data is drawn from legacy systems, or even
collected from paper sources, data quality may be an issue. Ensure that
the quality of baseline data is as high as possible prior to performing
any analysis or comparisons.

= Time period. Baseline data must cover a long enough time to be an
accurate reflection of performance, and must be recent enough to be
a valid comparison. If baseline data is too old or does not cover a
sufficient time period, processes, performance, and quality may have
changed since the time encompassed by the baseline data.

= Indicators. Comparisons with baseline data work best if the baseline
data is analyzed and reported using the same indicators that will be
used moving forward for monitoring and evaluation.

Data used for the baseline should be reliable—it should be trusted as
a true measure of performance, as future performance will be compared
against this. If no data is available, it may be obtained manually (for exam-
ple, via chart reviews), but this may have implications for what indicators
are chosen for the actual improvement initiatives.

Manually Collected Data

Just because data is collected manually doesn’t mean that it must always
live on paper; results of audits and other manual checks can be stored
electronically and made available for analysis. Several business intel-
ligence tools will allow users to import data from external spreadsheets
into existing frameworks. In my experience, we have successfully inte-
grated external data, such as from process audits, that was collected
manually into our BI tools, and used that data as part of analysis of data
collected from clinical systems.
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When reporting baseline data, one important consideration is how to
aggregate the data. For example, when looking at a year’s worth of baseline
data, the temptation might be to group the data by month. When group-
ing by month, however, it is possible that certain details are being lost that
might be helpful to determine if a change is in fact occurring.

Consider Chart “A” in Figure 8.2, in which average clinic patient length-
of-stay data is grouped by month over a 12-month period. During that time,
the performance of the clinic appears to be relatively static. Chart “B” hints
at a slightly different story—aggregating the data by week instead of month
shows that midway through the baseline data, variation in the data seems to
have decreased. A decrease in variation in performance is considered to be a
step toward improvement. So even though on a monthly scale performance
may appear to be static, when looked at through a weekly lens, it can be

Baseline Length of Stay Analysis—Aggregation by Month (Chart “A”)
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FIGURE 8.2 Baseline Data Showing a Change in Performance When Aggregated
Differently
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suggested that some improvement has already started to take place. The
reverse is true as well; if baseline data shows increasing variability in a set of
data, it is possible that capacity to perform at expected levels is deteriorating.

Using Analytics to Identify Improvement Opportunities

Once a problem has been identified and quantified, the next step is to
identify improvement opportunities—that is, what steps an HCO can take to
achieve the desired outcomes and levels of performance. To achieve these
improvements requires specific actions and interventions on the part of QI
teams. Of course, not all identified opportunities and resultant improvement
activities will have the same impact, so HCOs need to establish ranking cri-
teria with which to rank, evaluate, and select opportunities. At the problem
definition stage, a cost (in financial, clinical, or other terms) associated with
the quality or performance problem would have been calculated. The cost
of actual improvement efforts can be compared to the cost of the problem,
and a decision can be made to proceed with specific improvement initia-
tives that will have the greatest impact and require the least resources and
effort—in other words, achieve maximum value.

The three steps in identifying and selecting improvement opportunities
are as follows:

1. Determining likely root cause(s) of quality/performance problems.
2. Identifying possible countermeasures to address root causes.
3. Estimating countermeasure impact and effort to achieve goals.

DETERMINING ROOT CAUSE Healthcare QI teams often fall victim to
addressing symptoms of problems, not the actual problems themselves. This
will likely only result in the introduction of a workaround, not a solution
to the problem. For example, if a medication cabinet in an observation
area is regularly understocked, the “solution” may be for a healthcare aide
or other staff member to raid (for lack of a better term) a medication cabi-
net of another area of the department. This not only results in additional
inefficiency by requiring staff to move unnecessarily, but it may also cause
problems downstream with other staff who rely on medications from the
raided cabinet.

True QI requires healthcare professionals to move beyond “who” and
“what” into “why” errors, defects, or waste occur. For real change to occur,
we must change from being a blaming culture and into a solution-finding
culture in healthcare by moving beyond responding to symptoms and start
addressing actual root causes of problems.

Because blaming seems to come more naturally than finding root causes,
there are tools that can be employed within QI methodologies to help find
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FIGURE 8.3 Sample Ishikawa (Fishbone) Diagram Used for Identifying Causes of
Problems, Errors, or Waste

root causes. One approach to identify root causes using an Ishikawa (or
fishbone) diagram, as illustrated in Figure 8.3. A problem, error, or waste is
identified and all possible causes for it are listed under various categories.
(Typically, the categories are process, people, policy, materials, environ-
ment, and technology, although variations exist and oftentimes the catego-
ries are changed to fit the particular problem under investigation.)

Once possible root causes are identified, the contribution of each root
cause can be mapped in a Pareto chart (see Figure 8.4). Pareto charts are
very useful to highlight the most important contributing factors to a problem
or issue. The main components of a Pareto chart are the identified causes
of a quality or performance problem, vertical bars to represent the number
(or percentage) of times the problem occurred as a result of that cause, and
a line plotting the cumulative frequency of the causes (which should add
up to 100 percent).

Suppose an emergency department has implemented a new comput-
erized triage tool and is experiencing an unacceptably high rate of triage
overrides, which occur when the triage nurse does not agree with the triage
score determined by the algorithm in the triage tool. During an investigation
into the root causes of the overrides, triage nurses are asked to identify the
reason they overrode the computer. The nurses identify five key issues that
caused them to enter a score other than what the algorithm determined:

1. Too many clicks on the form; nurses are bypassing certain form fields
to save time.
2. The design of the triage form is confusing, and triage nurses are missing
important fields on the form.
. Triage nurses do not feel they received enough training.
. Triage is too busy in general to complete the form properly.
5. Some triage staff don’t trust the algorithms.

O
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FIGURE 8.4 Sample Pareto Chart Used to Determine Important Contributing Factors
to Quality Problems

These five causes of triage overrides are then plotted on a Pareto chart
(see Figure 8.4). By looking at the chart, the QI team is able to determine
that approximately 70 percent of overrides are the result of two main issues:
too many clicks, and confusing form design. With this information, the QI
team can be reasonably sure that a significant percent of overrides can
be prevented by addressing these two issues, which in fact would bundle
nicely into a single triage form improvement project.

Analyzing the root causes of problems in a quantitative manner such
as a Pareto chart can provide QI teams the insight they require to make a
transparent, evidence-informed choice on which QI initiatives to undertake.

ESTIMATING IMPACT AND EFFORT There may be some process changes that
HCOs can make that would result in a large impact to the department or
HCO but would require relatively little effort. Is there a way that we can
quantify these high-impact changes? Consider Figure 8.5, which illustrates
an impact/effort grid that can be used to help select QI projects. I have yet
to encounter an HCO that has unlimited resources to dedicate to QI proj-
ects. Because of this, even though there may be many opportunities and
needs for improvement, only a few projects are feasible to undertake at any
one time.
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FIGURE 8.5 Sample Impact/Effort Grid for Selecting Quality Improvement Projects

The impact/effort grid helps QI teams map projects according to esti-
mated impact (that is, how much change or benefit can be expected) and
what the anticipated effort to achieve that change might be. Projects that fall
into quadrant 2 (high impact, low effort) are generally favored by HCOs,
as these represent potential game changers, where big wins are possible
with relatively little effort. Projects falling into quadrant 4 (low impact, high
effort) should be avoided, as they can be a major drain on HCO resources
and QI team morale, without any definite long-term positive impact on
quality. Projects that fall into quadrant 1 (low impact, low effort) can be con-
sidered, but may detract resources from other projects that may have a big-
ger impact. Quadrant 3 projects, those that are high impact and high effort,
should be evaluated carefully to determine whether the potential benefit of
the project is worth the time and resources applied to achieve that benefit.

Analytics can be very helpful when mapping projects on an impact/
effort grid, especially if relevant, detailed, and high-quality baseline data is
available. For example, the anticipated impact of a project can be estimated
by examining baseline levels of performance against anticipated targets, or,
better yet, by looking at comparable performance metrics for other pro-
grams or sites that are performing better.

Estimating the impact of a change can be challenging; without any
quantitative basis, impact estimates are little more than a mere guess. Vari-
ous analytical approaches, including regression modeling and other predic-
tive approaches, as well as simulation, can be helpful in better quantifying
the effect of a change. See Chapter 11 for a discussion of various advanced
analytics approaches.
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Analytics in the Project Execution Phase

Executing improvement activities involves finding new ways of doing the
required work to achieve the desired improvements (innovation), working with
staff to implement the changes (intervention), and examining interim results
to make any midcourse corrections (experimentation). During project execu-
tion, QI teams use analytics to closely monitor the processes that have been
changed (or that have been impacted by changes to equipment, layout, or
staffing levels, for example) to quantify differences in performance and quality.

Innovation and Experimentation in Healthcare

All change in healthcare should be treated as an experiment. If the
results are positive, adopt (and continue to tweak) the changes. If
the results are negative, reject the changes or identify what additional
changes must be made to obtain the desired results.

During the execution phase, quality teams require detailed data with a
rapid turnaround to make quick adjustments to their efforts to maximize the
amount of positive change (or to mitigate any negative effects the changes
might have introduced). This sees a shift in the type of analytics required.
During this phase, QI teams will be much more directed in the information
they are seeking. The QI teams are likely dissecting existing processes and
workflows and developing new processes. Depending on the methodology
used and the time frame of the initiative, the QI teams will likely be chang-
ing the actual workflows and processes that staff members are performing.
It is therefore likely that QI teams will require data that is closer to real-time,
and much more specific to the desired processes. As processes and work-
flows are changed, QI teams will need to be able to see if the changes have
actually led to a change in performance.

QI projects (especially ones that employ a PDSA methodology) usually
begin with small-scale, localized changes as part of an initial evaluation.
During the execution phase of quality group initiative, the data require-
ments of the team become very specific. QI teams will often break down
processes into very minute detail, and will seek available metrics to mea-
sure the performance of these process components. For that reason, data
and utilization requirements on QI projects are different from higher-level
monitoring.

Using indicators that are monitored at a departmental or organizational
level may not be sufficiently granular to detect a localized change over
a period of time. For example, a new process resulting in a reduction in
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hospital discharge times achieved over several days within a single unit may
not even register on a more global indicator. For this reason, the output of
analytics for a quality or performance improvement project in this stage
should be:

= Relevant to the process or other change that is subject of the improve-
ment effort.

= Focused locally on the department, unit, or other region where the
change occurred.

= Available in near real time (or “short cycle”) to allow for rapid adjust-
ments.

= Presented in appropriate formats (such as run charts or statistical pro-
cess control [SPC] charts) to evaluate both variability in the data and the
magnitude of change in performance. (Remember that a reduction in
process variability is a key step toward improvement.)

It is possible, and indeed likely, that a lot of information during this
phase will not be available from existing sources. Don’t be surprised if some
required data is not even available in computerized form. For example,
many improvement initiatives rely on audit data (that may not be available
in electronic medical records or other systems) such as:

= Number of times a computer system (e.g., RIS/PACS) is not available
(on downtime).

= Number of times a new process was followed correctly (as defined in
standard work).

= Number of times a medical admission form was not completed propetly.

Just because information may not be easily obtained or currently avail-
able does not mean that it is not important; in fact, very often these process
components are overlooked. There are a few options to obtain this infor-
mation. One option is to manually collect the data on audit forms placed
throughout the unit and compile it in something like a spreadsheet. Although
this may seem like a lot of work, often there is no other way to obtain such
information. What may be possible is to link this manually collected and
entered data to your current BI platform so that it can be integrated into
existing dashboards or other performance reports for use by the team.

Using Analytics to Evaluate Outcomes and Maintain
Sustainability

After the project execution phase and a change in performance or qual-
ity has been successfully implemented and tested on a smaller scale, the
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project team naturally will deploy the improvement throughout other appli-
cable areas within the HCO. Once the project has been deployed, continued
monitoring and evaluation are necessary to ensure that the desired changes
in quality and performance are occurring on the new, larger scale.

There are several possible approaches for evaluating the impact of an
improvement project. For example, the team might want to compare quality
or performance before and after the implementation of a new process or
other innovation to determine if a change occurred, and what the magni-
tude of that change was. Or they may compare the impact of two different
changes to determine which has the greater magnitude. For example, a
department manager may wish to evaluate the impact of a new type of staff
member (such as nurse practitioner or physician assistant) and compare
baseline department performance to performance since the new role was
added to determine the overall impact.

Once the desired changes are in place, analytics can be used to quantify
the impact of the changes based on the initial indicators, and comparisons
with benchmarks can be used to gauge progress toward meeting the des-
ignated targets. There are many ways to monitor performance—usually in

PROCESSES VERSUS OUTCOMES

When working on quality and performance improvement, there may
be a tendency to focus on indicators relating to patient flow (interval
times, lengths of stay, etc.). It is important to not lose sight of the indi-
cators that are truly important—those that relate to patient outcomes.
The bias toward patient flow indicators may be related to what is most
conveniently obtained from electronic medical records systems. How-
ever, nobody would argue that a shorter length of stay is a benefit to
the patient when that same patient is readmitted to hospital a few days
later. Having said that, it is also not acceptable to keep a patient in
hospital or in the emergency department longer than necessary simply
to prevent a possible readmission (when the risk of readmission for a
particular patient is not even quantified).

One of the goals of quality and performance improvement initia-
tives must be to balance the overall flow of an organization with the
outcomes that are important to the patient. This is where the concept
of value comes into play: How can HCOs maximize the value to pa-
tients (outcomes) while improving quality, efficiency, and safety? If
value is increased, the likely outcome will be happier and healthier
patients and HCOs that are more efficient and more profitable.
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the form of performance dashboards or other reports. SPC charts are, once
again, a very valuable tool to monitor the ongoing performance relating
to changes being made. Just as is necessary during the project execution
phase, evaluation results must be available quickly enough to take mean-
ingful corrective action if necessary.

Sustaining Changes and Improvements

Careful analysis and redesign of healthcare processes can be successful at
improving quality and performance. Without looking at the right data, or
analyzing it correctly, it may be difficult to evaluate the impact of a change.
And when a change does occur, it is less likely to be sustained without
ongoing monitoring and corrective action.

Healthcare QI projects typically start off with a flourish, but all too often
end with a whimper. This is because the excitement generated with a new
project, new opportunities, and great expectations elevates QI teams with a
feeling that anything is possible. This enthusiasm usually dies down by the
end of a project, when team members look to other problems to address.

It is important not to lose sight of improvements that are made, so per-
formance must continually be monitored to ensure that things don’t revert
to previous (undesired) levels of quality or performance.

This final stage is critical for QI initiatives, because sustainability is
in fact one of the most challenging objectives to achieve. Many initiatives
appear initially successful, but the desired performance begins to tail off
after a few weeks or a few months. Monitoring during this phase must
allow QI teams (and the HCO’s leadership) to monitor ongoing perfor-
mance of the improved processes. The actual metrics being followed during
this phase may be fewer in number than during the execution phase, but
the metrics chosen for monitoring and evaluation must be the most relevant
to the performance desired. In addition to a performance dashboard high-
lighting the key indicators of a newly implemented improvement initiative,
regular reports and automatic alerts that are e-mailed to key stakeholders
draw the attention of QI team members when performance begins to dete-
riorate or otherwise deviate from desired parameters.

IMPROVING RETURN ON INVESTMENT

Many information technology (IT) projects are initiated, implemented,
and deployed without ever defining or measuring the return on invest-
ment (ROI); and when an ROI is claimed, the values are often unclear
at best and dubious at worst. In other words, many HCOs are unclear
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as to what value many of their IT solutions in fact provide. Of course,
analytics is not an exclusively IT undertaking (and should in fact be a
strong partnership between the business and IT). But the sole purpose
of BI and analytics within an HCO is to improve quality and perfor-
mance. That would imply, then, that an ROI is in fact necessary—if
no measurable improvement occurs, there is no return on investment.

The ROI of healthcare analytics should not be measured in terms
of outputs of the system. For example, the number of reports, analyti-
cal applications, predictive models, and other analytical products is
not a valid measure of ROI, since there is no indication of the value
of these efforts. (In fact, it may be argued that more reports actually
means less value!)

There are other types of value generated through analytics, such
as in the areas of research and education. For example, the analytics
teams that I work with have provided much value to clinical research
efforts. The analytics infrastructure has made the extraction and analy-
sis of data for research projects much more efficient; much data for
research can be extracted and analyzed in the span of several hours
with the tools now available (as opposed to the days and weeks nec-
essary before much of the clinical data was available electronically).
So ROI can be measured in terms of increased productivity in addition
to real money saved.

Of course, quality and performance improvements cannot be en-
tirely attributed to the use of analytics, but such metrics do provide a
compelling measure of return on investment for QI efforts as a whole.

Note

1. Centers for Medicare and Medicaid Services, “EHR Incentive Programs,” www.cms
.gov/Regulations-and-Guidance/Legislation/EHRIncentivePrograms/index.html.
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CHAPTER g

Basic Statistical Methods and
Control Chart Principles

If your experiment needs a statistician, you need a better
experiment.

—FErnest Rutherford

There are complementary methods to measure the impact of a change
or innovation on quality and performance—statistically and using control
charts. Statistical methods to determine changes in performance rely on the
performance of statistical tests to determine if changes in quality, perfor-
mance, or other metrics are “statistically significant.” Graphical approaches,
on the other hand, use specialized charts known as statistical process con-
trol (SPC) charts (and specific rules to aid the interpretation of those graphs)
to determine if a change in quality or performance is in fact occurring. This
chapter discusses how both of these methods can be employed for quality
and performance improvement.

Statistical Methods for Detecting Changes
in Quality or Performance

I chose the epigraph at the start of this chapter rather tongue-in-cheek. My
intent with the quotation isn’t to say that statistics (and statisticians) should
be avoided, but rather that the job of analytics professionals (including
statisticians) is to make statistics more accessible and easily understood to
all users of information through the use of the right tools in addressing the
right problems (those of the quality and performance issues of the organi-
zation).

145
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Statistics offers a wide range of methods with which to analyze quality
and performance data. In this section, it is my intention only to introduce
some basic statistical tests and terminology as they pertain to quality and per-
formance improvement projects. I strongly encourage the reader to explore
additional resources for more in-depth coverage of additional statistical topics.

Analytics is comprised of the tools, techniques, and systems necessary
for obtaining deeper insight into the performance of an organization. Statis-
tics is but one of those tools—an important tool to be sure, but not the only
tool. T often say that analytics for healthcare quality improvement (QD) proj-
ects does not require fancy statistics, but rather appropriate statistics. A large
part of the discussion in this book is about ensuring that high-quality data
is available, that it is compiled into relevant indicators, and that it is made
available to QI teams using structured methodologies. I have seen many
analysis efforts become derailed because an analyst was overly concerned
with applying complex statistical analysis, when this level of analysis was
not necessary. Hopefully this section will demonstrate how statistics can be
but one valuable tool in the quality and performance improvement toolbox.

Most QI methodologies do not require extensive statistical knowledge
and the use of exotic statistical methods. Rather, statistical methods can
best be used to identify any unusual variations in performance and to help
pinpoint the causes of this variation.! This is more common in some meth-
odologies (such as Six Sigma) that require more statistical analysis than
others (such as Lean). Most QI projects can benefit from some basic statisti-
cal summaries such as average, median, and percentiles to report baseline
information and current performance (as discussed in Chapter 6). Six Sigma
delves deeper into more statistics, such as analysis of variance (ANOVA) and
other tests, to either detect differences in performance or to increase the
certainty of a result. In my experience, I have always tried to use statistics
where appropriate and necessary to clarify and strengthen conclusions, not
to search for a needle in a haystack.

If extreme statistical analyses are necessary to detect a change in per-
formance, then a few scenarios are likely:

= The quality of data being used is poor.
= The wrong indicators were developed or used.
= There is no change in performance, or it is too small to be relevant.

Statistics are typically applied in one of two ways. Descriptive statistics
are used to describe a large number of values or observations (representing
an entire population or a sample thereof). There is a wide variety of descrip-
tive statistics; the most commonly used ones include the mean (for example,
the average weight of patients visiting a clinic) and the median (for example,
length of stay [LOS] of emergency department patients). Inferential statistics,
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on the other hand, analyze a sample of data to help evaluate and draw con-
clusions about a population. See Chapter 6 for a discussion on measures of
central tendency and the use of descriptive statistics. This section will focus
more on inferential statistics used to confirm the statistical significance of a
change in performance.

Hypothesis Testing

Consider a facility that was observing longer than desired lengths of hospital
stay and decided to implement a new streamlined patient discharge protocol.
Prior to the implementation of the protocol, three months of baseline data
showed an average length of hospital stay of 4.54 days. Following the imple-
mentation of the new protocol, the results were evaluated and the three-
month post-implementation average length of hospital stay was 3.56 days.
See Figure 9.1 for a graph illustrating the results. The difference pre- and
post-implementation was 0.98 days. QI teams needed to determine whether
this difference is the result of the new protocols, or whether the protocols
made no difference and the observed difference is entirely by chance.

The process of determining whether this difference in values is due to
natural variation and chance or the result of the change in process is known
as hypotbesis testing and typically involves a test of statistical significance.
Because of natural variations in performance, no two sets of randomly select-
ed data will ever be exactly the same even if the two samples are drawn
from the same population of patients. Hypothesis testing and tests of statisti-
cal significance will help to determine if any observed differences between
two (or more) groups are likely due to actual differences in the populations
being studied (the result of a process change or other intervention), or if the
observed differences are due to random variation and chance.?

5.00
4.00
3.00
2.00

1.00

Length of Stay (Days)

0.00 Pre Post

FIGURE 9.1 Sample Length of Hospital Stay before and after Implementation of
New Discharge Protocols
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Hypothesis testing starts with the assumption that there actually is no
difference between the groups (that is, any observed differences are caused
by random variation) unless there is compelling evidence to demonstrate
otherwise. This is called the null hypothesis, and is expressed as:

Hyp,=p,or Hpp, —p,=0

The null hypothesis states that the means of data sets 1 and 2 are equiva-
lent (that is, subtracting the mean of one data set from the mean of the other
would return zero). In the case of the streamlined discharge protocol, H;
states that there is no difference in the mean hospital LOS before and after
the implementation of the new protocol—or that the new protocol had no
effect on patient LOS. In the event that the null hypothesis is demonstrated
to be false, the alternative hypotbesis is then assumed to be true (that is, that
the means of data sets 1 and 2 are not equal, and the differences observed
between two data sets are likely not due to chance).

H:p, #p,orH:p —p,#0

In our discharge protocol example, the alternative hypothesis is that
there is a true difference in the means of discharge times measured before
and after the protocol was introduced, suggesting that the new protocol did
have an effect on patient LOS in hospital.

Comparing Performance hetween Two Groups

One common statistical test to evaluate situations like the pre-post evalu-
ation of the protocol implementation is the #-test. The /-test is a statistical
method that can be used to help determine if a statistical parameter (such
as the mean, or average) is the same when compared between two groups
(the null hypothesis) or different (the alternative hypothesis).?

LEARNING MORE ABOUT STATISTICS

If you are interested in learning more about the scientific and statisti-
cal basis behind hypothesis testing and statistical significance, there
are many good statistical textbooks that cover these topics. I would
also encourage you to review the resources listed in this chapter
for more information. You can also visit this book’s web site, http://
HealthcareAnalyticsBook.com, for links to relevant resources.
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A t-test can be used in two situations, depending on the number of
samples. The one-sample t-test is used to compare one point of interest to
a sample. For example, the one-sample #-test can be used to compare a
sample’s average performance to the target value of an indicator. If an emer-
gency department’s average left without being seen (LWBS) is 3.4 percent
and the target LWBS rate is 2.5 percent, a one-sample #-test could be used
to determine if the difference between actual performance and the target
value is statistically significant.

A two-sample I-test is used to compare the performance of two groups.
There are two varieties of this type of /-test; the best one to use depends on
the two samples being tested. For example, if you are testing the hospital
LOS at two different hospitals—Hospital A versus Hospital B—then the test
to use is the independent i-test. The independent /-test assumes that the
two populations are indeed independent, and are normally distributed. The
independent ‘-test would not be appropriate in our example of the pre-post
analysis of the streamlined discharge protocols. A pre-post study evaluation,
also known as a repeated measures design, requires use of the dependent
I-test variant.

A t-test can be applied to the “pre-change” and “post-change” groups in
the example highlighted in Figure 9.1 to see if the difference of 0.98 days
is statistically significant. Normally, statistical tests such as the #-test would
be performed in a statistical software package or a spreadsheet with statisti-
cal capabilities. In the case of our discharge protocol example, running a
dependent #-test on the two groups generates the following output from the
statistical software used to run the test, which in this case is R:

t = -33.3139, df = 89, p-value < 2.2e-16
alternative hypothesis: true difference in means is not
equal to O

95 percent confidence interval:
-1.0385635 -0.9216485
sample estimates:
mean of the differences
-0.980106

What do these results mean? Consider if we repeated the discharge
protocol pre-post test a second time and the results were similar, with a
difference of 0.92 days; chances are our confidence in the results would
improve, with two repeated tests demonstrating the same trend. Now, if
we repeated the pre-post test 100 times and found that 95 out of these
100 times produced similar results, our confidence would be pretty high
that the discharge protocols actually did decrease LOS for patients. If we
repeated the test 100 times and found that the LOS of the protocol patients
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was shorter than nonprotocol patients for only 60 of the trials, we would
be less confident in the results. Finally, if each group had the shorter LOS
50 percent of the time over 100 repetitions of the pre-post test, we would
likely deem that the protocols did not result in shorter lengths of stay.

Of course, it would be extremely time consuming and expensive to
repeat trials such as our discharge protocol evaluation the necessary num-
ber of times to fully gauge confidence in results. This is where statistical
tests are very useful, to determine how confident we can be that any differ-
ences observed are the result of a process change, or whether the observed
difference likely occurred by chance.

More formally, the statistical significance is the probability of obtain-
ing the observed (or more extreme) results if the null hypothesis were in
fact true. This chance or probability is calculated on the basis that the null
hypothesis is correct; the smaller this chance, the stronger the evidence
against the null hypothesis. Statistical analyses such as the #-test provides
a quantitative assessment of this confidence with the p-value. A common
p-value target often used in scientific research and QI is 0.05 or less, which
means that there would be less than a 5 percent chance of obtaining the
observed results if the null hypothesis was true.

In the previous example, the p-value is estimated to be less than 2.2e™¢
by the computer software, suggesting that there is an extremely small
chance of observing an LOS difference of 0.98 days if there was in fact no
difference between the protocol and nonprotocol groups. This small p-value
can provide the QI team with confidence that the discharge protocols actu-
ally are making a difference in lengths of stay of patients.

Another value reported by the computer software on the example
above is the 95 percent confidence interval (CD. The CI is a computed range
of numbers within which the true value is expected to lie.” In this case, the
I-test calculated that the 95 percent CI, or the range of values in which the
difference in LOS for protocol and nonprotocol patients can be expected
to lie, is most likely between —1.039 and —-0.922 (with rounding). In other
words, we can say there is only a 1 in 20 chance that the true difference
between the groups is not within that range.

If the CI included zero (for example, if the CI was between —0.5 and
+0.5), it would imply that “no difference” in means, or a difference of zero,
was as likely as other values within the CI. Because zero is not within the
CI, however, it is likely that there is in fact a true difference.

The description of the #-test and test of significance earlier is to provide
a flavor of how tests of statistical significance can help determine whether
an actual change is occurring in a process. The t-test is ideal for comparing
two groups, but what if more than two groups need to be tested at once, or
you needed to test categorical data, or if other assumptions required of the
data to perform a /-test are not met?
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Comparing Performance of More Than Two Groups

What if an analyst needs to compare the performance of more than two
groups? For example, consider the case where an analyst needs to compare
the hospital LOS between three different facilities for patients who under-
g0 a coronary artery bypass graft (CABG) procedure. Table 9.1 illustrates
sample CABG patient LOS for three different facilities—A, B, and C. What
would be the best approach to determine if there is a statistically significant
difference between groups, or if the differences observed are simply the
result of random variation?

The first instinct might be to perform pairwise comparisons—that is,
compare A to B, A to C, and B to C using standard #-tests. This approach
has two drawbacks. First, as the number of groups to compare grows, the
number of pairwise comparisons that are required becomes unwieldy very
quickly; after just seven groups, the number of comparisons required would
be 21. Technically, we can get computers to run multiple /-tests quite simply,
so the number of comparisons is not really a concern. However, as more
I-tests are performed, the risk of obtaining a statistically significant difference
purely by chance increases. Although there are corrections (such as the Bon-
ferroni correction) that can be made for this when performing multiple tests
(such as -tests) on the same set of data, other statistical options are available.

In this case, and other cases when the f-test is not appropriate to use,
there are other tests that can be used. The ANOVA (analysis of variance)
test is helpful when you need to compare more than two samples to each
other to determine whether any of the sample means is statistically different
from the other sample means.® A one-way ANOVA is valid if the groups are
independent (as three sites would be), the data is normally distributed, and
the variance in the populations is similar. Without going into the formulas,
ANOVA works by comparing the variance within each group with the vari-
ance between the groups, and comparing the ratio of the within-group and
between-group variance; the ratio is known as the F-statistic. If the varia-
tion between groups is much higher than the variation within groups, and
the F-statistic exceeds a critical value, then a difference observed between
the groups can be considered statistically significant. (Note that the critical
F-statistic value can be looked up on a specially designed table of critical
values, but more often than not, this will be performed by computer.)

TABLE 9.1 Sample Hospital LOS for CABG Patients for Three Sites

Facility Hospital Length of Stay (days) for CABG Patients
Hospital A 8.5
Hospital B 9.8

Hospital C 8.9
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Comparing Observations of Normal and Ordinal Values

What if the data that needs to be compared between two (or more)
groups is nominal or ordinal, that is, data for which a mean cannot be
generated for a test like a t-test or an ANOVA? A chi-square test is useful
for determining if there is in fact a relationship between two categori-
cal variables,” and would be appropriate in this situation. Rather than
comparing a statistic such as the mean of two or more groups, the chi-
square sums the squared differences observed and expected frequency
of observations within each category.®

The different scenarios for which you may consider using the different

types of ANOVA tests include:

One-way between groups. Use the one-way between-groups ANOVA
when the performance of three or more groups needs to be compared
(as in the above example).

One-way repeated measures. When performance has been measured
a few times (for example, prior to a QI project, during the execution of
the QI project, and after the QI project), the one-way repeated measures
ANOVA can test for a statistically significant change in performance.
Two-way between groups. This is used when looking for more com-
plex interactions. For example, if comparing hospital LOS for CABG
procedures, QI teams may be interested in understanding the interac-
tion between whether the site is a teaching hospital or community hos-
pital, and the overall hospital LOS.

Two-way repeated measures. This is similar to the one-way repeated
measure, but includes an interaction effect (for example, if you wanted
to test whether type of X-ray had any impact on changes in the process-
ing time of diagnostic imaging patients).

Lessons Learned

Many software packages include statistical tests built in, so it is relatively
simple to perform a #-test, ANOVA, or other statistical test. Keep in mind that
although software makes it easy, applying a statistical test to a set of num-
bers on a spreadsheet may not achieve accurate results. Before proceeding
with a statistical test, always ensure that the basic assumptions required of
the test are met (for example, does the test require normally distributed
data?), and that the test can provide the type of answer being sought.
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Graphical Methods for Detecting Changes in
Quality or Performance

Hypothesis testing and tests of statistical significance are one method of
determining if any change is occurring in quality and performance within
a healthcare organization (HCO). The challenge with statistical tests, how-
ever, is that most require large samples of data to be accurate, and can be
cumbersome to run every time the performance or quality associated with
a process needs to be measured. Another issue is that they tend to utilize
aggregated data (for example, determining if the mean of two samples is
statistically significant). If all analysis is done in aggregate, it is possible to
lose sight of variations in the way that processes are performed and in the
outcomes of those processes. One danger of solely relying on aggregate
data and statistical analysis is that although average values of data sets
might be meeting a target value, individual performance and quality may
vary so widely that the inconsistency poses a risk to patient safety.

Control charts are a very common visual approach to evaluate per-
formance and quality with associated rules to determine if a process is in
control and improving (or getting worse). Graphical analysis is a highly
regarded approach in healthcare QI. It has been recommended that “meth-
ods for the analysis of data should be almost exclusively graphical (always
including a run order plot), with minimum of aggregation of the data before
the initial graphical display.”

Graphical analysis of performance data provides visual evidence of the
variability inherent in a process. Measuring and understanding the variation
in a process is merited because it is “important to eliminate extraneous pro-
cess variation wherever possible, while moving well-defined metrics toward
their target values.”'

Variation in Performance

There are many different causes of variation in performance. Causes can
range from differences in the way individuals perform tasks to calibration
differences in equipment. All the different causes of variation, however, can
be divided into two categories:

1. Common (or random). These are causes of variation that are inher-
ent in the work being performed, affect everyone who performs the
work, and affects all outcomes of the process.!! Common cause varia-
tion is generally predictable and expected and can be caused by myriad
reasons ranging from complexity of patient needs to materials avail-
able. An example is the natural variations in the time it takes to triage
an emergency patient; although every triage is different because each
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patient presentation is unique, there is a typical range in the time it
normally takes to complete a patient triage.

2. Special (or assignable). These are causes of variation that are external
to the system or the work being performed, and do not occur all the
time; they arise due to special circumstances.'” An example of special-
cause variation would be a nurse who takes significantly longer to triage
patients than is typical. This may be caused, for example, by a nurse
who is improperly trained on the use of the triage system.

Quality not only means that a process is able to meet target perfor-
mance on average, but it must accomplish this within certain tolerances and
consistency; that is, it must be considered stable. A stable process refers to
one that is free of special-cause variation. The term “in control” is also used
when variations in data are present and exhibit a pattern that is random."
(Note that “in control” does not mean an absence of variation, since even
the best processes will demonstrate some variability.) In addition, a statisti-
cally “in control” process may still not be acceptable if the variation falls
outside a range that is deemed safe or otherwise acceptable by the HCO,
clinical experts, or governing bodies.

One of the tenets of process improvement is that a process must be
stable before it can be improved. Strictly speaking, even the act of chang-
ing a process from one that is out of statistical control to one that is within
statistical control (i.e., with reduced variability in the output of the process)
can be considered an improvement.

Almost every report showing any metric will display some variability in
the performance of a process. No process in healthcare is so stable that it is
able to produce the same results every single time. The question is how to
determine how much variability in a process is too much, and how much is
acceptable. Statistical process control (SPC) is a technique that QI teams use
to improve, evaluate, predict, and control process through control charts.'
In essence, an SPC chart is the chronological time series plot of an indica-
tor, metric, or other important variable and is used for, among other things,
analyzing the occurrence of variations within a process. Many statistics can
be plotted on an SPC chart, including averages, proportions, rates, or other
quantities of interest.'

Rather than simply plotting values on a graph, one of the unique com-
ponents of SPC charts is the addition of upper and lower reference thresh-
olds, which are called control limits. The control limits are calculated based
on the process data itself; the plotted points of data must almost always fall
within the control limit boundaries, as the control limits specify the natural
range of variation within the data. Points falling outside of the control limit
boundaries “may indicate that all data were not produced by the same pro-
cess, either because of a lack of standardization or because a change in the
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process may have occurred.”® When looking for changes in performance,
then, a reduction in variation and/or a deliberate and consistent shift to
values near (or outside of) the control limits may signal that changes in a
process are occurring.

Statistical Process Control Chart Basics

Many analytics tools with even basic visualization capabilities can be used
to generate SPC and run charts. There are some stand-alone software tools
(as well as plug-ins for Microsoft Excel) that can generate excellent SPC
and run charts (and provide other visualization tools for quality and perfor-
mance improvement). Even without dedicated SPC generation capabilities,
very useful charts similar to SPC charts can be generated with the basic
graphics capabilities of most analytics and business intelligence software
provided that the basics of SPC charts are understood (and a little creativity
is applied).

Tip

For a list of software tools that can be used to generate SPC and run
charts, and examples on how to build them, please visit this book’s web
site at http://HealthcareAnalyticsBook.com.

See Figure 9.2 for a sample control chart. The important features of
control charts are:

= Data points that represent a quality or performance indicator associ-
ated with a process (and may be a statistic such as mean or proportion).

= A centerline (CL) that is drawn at the mean value of the statistic.

= An upper control limit (UCL) and lower control limit (LCL), which
represent the values outside which performance of the process is con-
sidered statistically unlikely.

The centerline of a control chart is drawn at the mean (X) or average
value of the observations being plotted. Upper and lower control limits are
typically drawn at +36 and —-36 (where 6 is one standard deviation) from
the centerline. The sample SPC chart in Figure 9.2 demonstrates a process
that would generally be considered to be in control. All the data points
are randomly scattered around the mean (X = 9.20) and all fall within the
upper control limit (UCL = CL+30 = 9.47) and the lower control limit (LCL =
CL -30 = 8.94).
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FIGURE 9.2 Sample Control Chart

When a change in process occurs as the result of a QI activity (or some
other cause of change), the SPC chart can be used to monitor if a change
in performance and/or outcomes has occurred. The limits of an SPC chart
should be revised when the existing limits are no longer relevant or useful.
When a shift in process occurs, it is helpful to reset the mean and control
limit lines to better isolate the new process from the old process in the
chart. If new mean and control limits are not reset, the existing mean and
control limits will expand (or otherwise adjust) as new data is added to the
calculations. This may make it more difficult to identify any actual change
in outcomes or performance.

Figure 9.3 illustrates an updated version of the Figure 9.2 chart, this
time with new data points added after a process change, and with the new
mean and control limits added. With this chart, the baseline performance is
shown, the time at which the new process was introduced is clearly evident,
and the performance of the new process stands out from the baseline data.
When the SPC chart is drawn in this way, the new performance can be eval-
uated not only to see if the desired target performance is being met but also
to investigate the stability of the new process and whether it is in control.

Data Considerations for Statistical Process Control Charts

As mentioned earlier, when developing analytics for quality and perfor-
mance improvement, it is important to use the right data, and that the
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FIGURE 9.3 Sample Control Chart Highlighting Performance before and after a
Change in Process

underlying assumptions of any statistical test or other tool are being met,
otherwise inaccurate results are possible. SPC charts are no different; there
are a few data considerations to ensure that SPC charts are accurate and that
any conclusions drawn from them are valid.

When obtaining data for SPC charts, it is recommended that there be a
minimum of 20 to 30 consecutive subgroups,” which are comprised of at
least 100 consecutive observations.® For example, if the sample SPC chart in
Figure 9.2 was evaluating the emergency department LOS for patients to be
admitted, it would be ideal to plot at least 100 admissions over a period of
20 days for optimal validity of the control chart. In this example, assuming
that there are at least five admissions from the emergency department every
day, each subgroup would be the average LOS for admitted patients over a
20-day period. The mean for each subgroup would be plotted on the y axis,
and each day would be plotted in chronological order along the x axis. This
number of observations is necessary because, as in most evaluation meth-
ods, insufficient data may lead to inaccurate results.

Graphically Displaying the Stability of a Process

As long as the basic data requirements are met, a change in process can
be quite clearly identified on an SPC chart. It takes more than simply
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“eyeballing” it, however, to determine a change in performance or to detect
undesirable variations and trends in the data. Figure 9.4 outlines a set of
rules that can be used to determine the stability of a process based on data
plotted on a control chart. The rules help quality teams to interpret the pro-
cess patterns on the charts, specifically to special causes of variation. Figure
9.5 is a visual representation of the rules specified in Figure 9.4.

Different patterns that manifest on control charts may signal different
issues or different causes of variation. In manufacturing and other industries,
many of the rules help detect problems with machinery and other manufac-
turing issues. Healthcare is in many ways much more complex than manufac-
turing, so changes in control charts may be caused by any number of reasons.
For example, a single point above the UCL (or below the LCL) may indicate
that a single abnormality occurred that day (with possible causes ranging
from a multicasualty incident causing a surge of patients at the emergency
department to a lab equipment glitch requiring all blood work to be redone).

Some of the indications in Figure 9.4 and Figure 9.5 that a significant
change has occurred or a process may not be in control include:

= Eight (or more) points in a row above or below the centerline

= Four of five points between +16 and +26 (or —16 and -20)

= Two of three points between +26 and the UCL (or —26 and the LCL)
= Any one point above the UCL or below the LCL

When reviewing SPC charts, the important point to remember is that
any time the chart stops exhibiting random variation and patterns begin
to manifest in one or more of the ways described, it is an indication that
something is causing a process to change, whether as the result of deliber-
ate intention or due to inconsistent practices, performance, or other causes.

One point above UCL
___________________ Upper Control Limit (UCL)

4 of 5 points between +1 c and +2 ¢

+1o
8 points in a row above CL

Centerline (CL)

8 points in a row below CL ]
-1c

4 of 5 points between -1 ¢ and -2 ¢
————————————————————————————————————————————— 20

2 of 3 points between -2 ¢ and LCL
——————————————————— Lower Control Limit (LCL)

One point below LCL

FIGURE 9.4 Detecting Stability in a Process Using Control Charts
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1. One point outside the upper or

lower control limit.

2. Run of eight data points in a
row above (or below) the
centerline.

3. Six consecutive points
trending upwards or
downwards.

4. Four of five points between
1cand2oc.

5. Two of three points between
2 ¢ and control limit.

UCL Upper Control Limit

CL Centerline
LCL Lower Control Limit

FIGURE 9.5 Sample SPC Chart Rule Violations

Keep in mind that even though a value is within the UCL and the LCL, it
might not be acceptable from a clinical perspective. In addition to the ¢ and
control limit values on an SPC, often a specification limit will be added. The
specification limit is the range of values that is acceptable to the customer
(or, in this case, to the patient and/or best clinical practice guidelines).

Consider, for example, an HCO that is improving its care of patients
who experience a stroke. To achieve acceptable clinical standards, the HCO
might identify a target duration of three hours from the time a patient expe-
riences a stroke to the time rt-PA is administered. If rt-PA administration
times for patients are plotted on an SPC, a specification limit of three hours
would be added as a visual indicator. In this case, rt-PA administration times
that were within the UCL (meaning within statistical control) but outside of
the specification limit would still be a cause for concern. As the assessment
and treatment of stroke patients was improved and variation in performance
decreased, it is likely that UCL and LCL would tighten to the point where
they were inside (or very close to) the specification limit.

Types of Statistical Control Charts

This chapter discusses the fundamentals of SPC charts, and there
are actually several different kinds of SPC charts that can be used.
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TABLE 9.2 Examples of Common Control Chart Types and How They Are Used

Data Type Chart Type Usage
Discrete P-chart Percentages

C-chart Counts

U-chart Rates

T-chart Time between rare events
Continuous I-Chart Individually measured data points

(Sometimes called X-MR,

where MR = moving range)

X-Bar Subgroups of data at the same
point in time

Source: www.qihub.scot.nhs.uk/knowledge-centre/quality-improvement-tools/shewhart-
control-charts.aspx.

The selection of a type of control chart depends on several factors,"
including:

= The type of data being used (continuous versus discrete).

= Sample size available.

= What is being plotted (such as percentages, counts, rates, or time
between rare events).

Table 9.2 shows a collection of common control chart types, what type
of data they are appropriate for, and how they are used.

A summary of the different types of SPC charts, and a guide to select-
ing the best one for your particular needs, is downloadable from the book’s
web site at http://HealthcareAnalyticsBook.com.

Putting It Together

Critical to the development of analytics is the knowledge of who needs to
use information, and how they can best make use of it. For example, QI
experts working with Six Sigma and other methodologies often use SPC
charts and statistical analysis in raw form to study the performance of a
process and its resultant quality. In doing so, they are using SPC charts and
statistics to analyze one (or a few) process changes in depth to uncover
opportunities for further performance improvements and changes in qual-
ity. Healthcare executives, managers, and other healthcare leaders, who are
usually concerned with the operations of an entire unit, hospital, or system,
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on the other hand, are not likely to benefit from SPC charts and #-tests out-
lining every performance indicator relevant to a QI activity.

Knowing who needs what kind of information is important to develop-
ing effective analytics. Analytics is able to provide deeper insight into the
performance of an HCO, and is designed to make decision making easier
for QI teams and healthcare leaders. Statistical analysis and SPC charts were
invented long before modern analytics. The power of analytics is in the syn-
thesis of information and insight from statistical and graphical analysis into
more meaningful and easier-to-interpret formats where appropriate, and
presentation of more detailed information when necessary.

Rather than simply displaying a collection of graphs and charts, dash-
boards and reports can be made more analytical by embedding insights
gained from statistical analyses and graphical analysis. Figure 9.6 illustrates
a sample dashboard for a diagnostic imaging department displaying sev-
eral key performance indicators for that unit, baseline performance for the
previous six months, the indicators’ respective targets, the current month’s
performance data, the performance for the previous month, and a trendline
of performance over the last eight weeks. (See Chapter 10 for a discussion
on dashboard and data visualization design.)

The dashboard is a simple representation of these indicators, provides
an overview of performance, and also includes embedded insight from both
statistical analysis and SPC rules. Using superscript values next to the cur-
rent month’s data and descriptive text in the “Notes” section, the dashboard
in Figure 9.6 indicates to the user that there was: (1) a statistically significant
difference in performance on indicator A between last month and the cur-
rent month, and (2) an SPC rule violation for indicator D. The statistically
significant (p < 0.05) decrease in X-ray order to patient pickup times (indi-
cator A) from the last month to the current month may suggest to QI teams
and DI managers that efforts to improve processes associated with indicator
A might be having a positive effect.

Diagnostic Imaging Department - Performance Dashboard December

Six-Month
Indicator Target Baseline Last Month Current Month 8-Week Trend
A. X-Ray order to patient pickup 10.0 33.2 22.5 1341 /\
B. Pickup to X-Ray start 10.0 12.2 11.9 11.8 M
C. X-Ray duration 15.0 14.5 15.2 15.1 /\/\/\

D. X-Ray stop to patient return 10.0 12.1 11.9 ’ _,_/\/

(All values are in minutes)

Notes:
1) p<0.05 - month over month performance
2) SPC rule violation: two of three points between +20¢ and UCL (Link to SPC chart)

FIGURE 9.6 Sample Dashboard Including Embedded Analytics
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Although dashboards are often designed to be printed out, they are
most useful when designed to be viewed on a screen (such as a computer
display, smartphone, or tablet) and interacted with. Such interaction allows
users to drill down into more detail (such as to view a control chart for
performance indicators), select additional or other indicators to view, and
even manipulate date ranges and other dashboard parameters. The example
in Figure 9.6 shows that the SPC rule violation alert also includes a link to
the actual SPC chart that triggered the violation, so an interested user of this
dashboard would be able to launch an additional view that contains the
desired additional material. The design objective is that the most important
features and insight of this dashboard are immediately visible, with addi-
tional detail (links to an SPC chart) available via a simple click.

Statistical and nonstatistical approaches to evaluating quality and per-
formance are not at odds but are entirely complementary. When used in
concert, and synthesized on interactive information displays such as dash-
boards and other analytical tools, users of the information can quickly iden-
tify where and when performance needs to be improved, and perhaps even
what actions need to be taken.

Developing effective analytical tools does require effort and expertise.
Analytical teams must understand the context of the data, know control
charts (and their associated performance variation rules are used), and be
comfortable in enabling the basic statistical analyses required. Although the
mechanics of performing the required statistical analyses and building the
appropriate charts, graphs, and other data displays are possible in many
analytical tools, it still requires a knowledgeable analytics team working
closely in concert with quality and performance improvement experts to
design concise and effective analytical information displays that provide
insight about quality and performance issues, help suggest appropriate miti-
gation steps, and monitor ongoing results.
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CHAPTER § 0

Usability and Presentation of
Information

[Design is] not just what it looks like and feels like. Design is
how it works.

—Steve Jobs

Besides accuracy and timeliness, usability and accessibility are two of the
most important qualities of effective analytics. Software that is not easy to
use, for example, only results in frustration for the end users, who will then
generate countless workarounds to bypass the source of frustration. If, on
the other hand, software is easy to use, people are more likely to use the
tool more often and be able to focus more on the task at hand. The usability
and accessibility of analytics follow very much in the same vein.

One aspect of usability is presentation and visualization of information.
Not everyone who needs information and insight for decision making, how-
ever, will be directly accessing a portal or other analytical tool, or will be a
“professional” analyst used to working with data in multiple formats. There-
fore, making the insights generated via analytics more accessible and easy to
use by applying best practices in data visualization and presentation helps
to ensure that the desired message is communicated clearly and effectively.

Presentation and Visualization of Information

People cannot use information they cannot understand or make sense of.
The clear and appropriate use of graphs, charts, and other data visualizations
can facilitate understanding of patterns in data, enable rapid evidence-based
decision making, and effectively communicate the results of an improvement
initiative (especially to people who may not always work with numbers).

165
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Tip

The clear and appropriate use of graphs, charts, and other data visu-
alizations can facilitate the understanding of patterns in data, enable
rapid evidence-based decision making, and effectively communicate
the outcomes of an improvement initiative.

The inappropriate or incorrect use of data visualization, however, may
cause confusion, be misleading, and, in the worst-case scenario, result in
unnecessary or inappropriate actions being taken (or necessary actions not
being taken). For these reasons, data presentation and visualization is so
much more than simply adding “pizzazz” to numbers; data visualization is
a critical tool for healthcare analytics in the transformation of healthcare
quality and performance.

Tip

Data visualization is more than simply an alternative to presenting data
in a table.

Data visualization serves several important quality and performance
improvement functions, and is a lot more involved and useful than simply
making pretty pictures out of data as an alternative to simply presenting data
in tabular form. Data visualization expert Nathan Yau states, “One of the best
ways to explore and try to understand a large dataset is with visualization,”
and that it is possible to “find stories you might never have found with just
formal statistical methods.”

The many data visualization functions include:

= Identifying trends and signals in quality and performance data.

= Communicating goals, objectives, and targets of the healthcare organi-
zation’s (HCO’s) strategy.

= Sharing results of improvement activities with quality teams, managers,
and other stakeholders.

= Making numerical and statistical analyses more user-friendly.

The proper visualization approaches can clearly illustrate where prob-
lems in a process or workflow exist, can demonstrate trends, and can be
much more intuitive than numbers or statistics alone. One example of the
importance of visualization is the graphical analysis inherent in statistical
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LEARNING MORE ABOUT DATA VISUALIZATION

For more information about data visualization, including full-color
examples and design hints, please visit this book’s web site, http://
HealthcareAnalyticsBook.com, for additional resources.

process control (SPC) charts (as discussed in Chapter 9). When properly
constructed, SPC charts can highlight changes in process performance and
identify the need to take corrective action.

What Is Data Visualization?

Data visualization is the process of taking the output from analytical tools
and processes (which may be in a raw statistical or numeric form) and visu-
ally representing that information in ways that allow decision makers and
quality improvement (QI) teams to more easily comprehend and ultimately
act on that information.

There are many ways that data may be visualized. Most commonly, visu-
alizations will include charts of various types (such as bar, column, and line
charts). Charts may be used on their own, as part of a report, or as a com-
ponent of a performance dashboard. There are many other ways in which
information users can interact with the output of analytics systems as well. As
mobile devices such as smartphones and tablets become more ubiquitous and
more powerful, many healthcare decision makers are demanding that infor-
mation be available via these devices. Analytics visualizations implemented
on mobile devices range from simple mobile versions of desktop-type reports
and dashboards to fully interactive data exploration tools that take full advan-
tage of the unique and powerful user interface capabilities of these devices.

Presenting and Exploring Information Effectively

Up to this point in the book, significant effort has gone into ensuring that
high-quality data is available for analytics, and that appropriate analysis
is performed on that data to ensure meaningful results. As illustrated in

Data Visualization

Data visualization is the process of taking the output from analytical tools
and processes and visually representing that information in ways that al-
low us to more easily comprehend and ultimately act on that information.
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Chapter 6, even basic data visualization in the form of histograms, for exam-
ple, can help clarify and elucidate patterns in the data that may not appear
through statistics alone.

Although healthcare research and the financial management of HCOs
have always relied on data and its analysis, there has recently been literally
an explosion in the use of data in almost all aspects of management in nearly
every industry. This is because the amount of data available is increasing,
and the tools to analyze the data have been becoming more powerful and
easy to use. As the computational power of information systems has grown,
so has their visualization capabilities. Before the advent of high-power
graphics on computers, data (and the results of calculations) was most often
displayed with simple tables and low-resolution black-and-white charts. For-
tunately, we are no longer forced to consume information in this way. The
visualization capabilities of most analytics tools, when used effectively, can
now make most information easier to understand, especially when coupled
with high-resolution digital displays and color printing capabilities.

As already mentioned, visualization is not about how fancy the analysis
and reporting of a particular data set can be made to look. In fact, visualiza-
tions such as charts, graphs, and other representations overloaded with too
much extraneous decoration (such as multiple fonts, colors, pictures, etc.)
that do not add clarity to the information being presented actually become
a distraction, can make representations look amateurish, and can confuse
decision makers. Graphics should serve only to focus attention on the con-
tent of the intended message to be conveyed with a visualization. Edward
Tufte, a pioneer in effective data visualization, coined the term “chartjunk”
for all the extraneous decorations on a graph or chart that actually take
away from the message being conveyed.?

The starting point for all data visualizations is to determine the mes-
sage that is to be conveyed by the visualization, then selecting appropriate
visualization approaches (such as type of chart) that suit both the message
to be conveyed and the audience for whom the message is intended. Visu-
alizations must be selected and drafted very carefully, because they may be
viewed by an audience with varied experience in the context both of the
data and of the visualizations employed.

Common ways in which visualizations are used are to demonstrate a
relationship between data points, show a comparison between data points,
illustrate a composition of data, or show a distribution of data,’>as well as
to display a trend over time and to highlight deviation.* These points are
discussed in the following list.

= Relationship—examines if a correlation exists between two or more
data points, for example, to see if a relationship exists between time
waiting in the waiting room and left-without-being-seen rates.
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= Comparison—contrasts different variables, for example, the number of
admissions to each of a hospital’s inpatient units over the last month.

= Composition—portrays a complete picture of a variable, for example,
a tally of the different surgical procedures performed at an outpatient
surgery clinic, or a summary of the different types of lab tests ordered,
during a selected reporting period.

= Distribution—used to study how data points are distributed through-
out a data set, for example, to plot the distribution of response times to
an overhead page for an EKG technician, or to examine the wait-time
distribution for patients on a surgical waiting list.

= Trend over time—used to plot a time series of a variable, for example,
the number of patient arrivals to the emergency department, or the
number of coronary artery bypass surgeries performed over the last
30 days.

= Deviation—used to detect when values deviate from historical or base-
line levels, such as when evaluating the outcomes of QI projects and
needing to determine if a change in process is having an effect.

Tip

Visualization involves determining the message that is to be conveyed
and selecting the appropriate visualization approach that suits both the
message and the intended audience.

Dashboards and modern analytics software tend to rely heavily on data
visualization for communication of analysis and insights. Because users of
information throughout the HCO will have different levels of experience
with different types of visualizations, reports and dashboards with fairly
widespread distribution must be made clear enough and straightforward
enough for the majority of viewers to quickly grasp the point of the visual-
ization. Less common graphing techniques, such as the trellis chart or the
box-and-whisker plot, should not distributed in reports or dashboards with-
out a clear explanation of how to interpret such visualizations.

Information Visualization and Graphing

There are myriad ways to display information to support quality and perfor-
mance improvement, and healthcare decision making in general. In its most
basic format, information can be displayed in a simple data table format (the
type of report that has been available now for decades). More commonly,
information is expressed in a graphical format such as bar charts, scatter
plots, histograms, and maps, among many others.
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Finding the Right Chart Type

The challenge is not to find a chart type to convey the information to
be communicated, but to pick the 7ight type for the information you are
presenting and the intended audience.

The data visualization capabilities of much analytics and business intel-
ligence (BD software, and even common spreadsheet software, are rapidly
expanding. The few choices that used to be available (such as bar charts, pie
charts, and line graphs with a choice of 16 colors) on such tools have now
exploded into a veritable arsenal of data visualization tools ranging from
box-and-whisker charts and trellis charts to “sparklines” and bullet graphs.
The challenge now is not to find a chart type to convey the information to
be communicated, but to pick the right type for the information you are
presenting and its intended audience. Table 10.1 provides a suggested map-
ping of data visualization techniques such as scatter plot and line chart for
the various types of use (such as to display a relationship in data). Keep in
mind that these are not hard-and-fast rules, but merely suggestions of what
graphing techniques work best for which types of messages to convey. In
addition, there are many other types of information display techniques (such
as bullet graphs and sparklines) that T have not included in Table 10.1; as dis-
play techniques evolve, the list of available options will continue to expand.
Remember that even though software vendors may invent creative new ways
to display information, always be sure to choose the chart or graph that most
clearly conveys the intended message of your information display.

Refer to the book’s website at http://HealthcareAnalyticsBook.com for
examples of the different chart types listed here (plus several others) and
how they can be used to enhance the communication of information.

TABLE 10.1 Suggested Mapping of Information Display Techniques

Scatter Line Bar Column Pie Data Table SPC Box Plot

Relationship v v v

Comparison v v/ v v v 4

Composition v v v v

Distribution v v v v
Trend v v 4

Deviation v v v v v

Note that SPC refers to a statistical process control chart, and Box Plot refers to a box-and-
whisker plot.
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Because of the number of options now available in many tools, the
appropriate selection of data visualization is more important than ever. I
know that many HCOs have had the experience of developing a dashboard,
scorecard, or report that was critical for decision making, only to have it
rendered essentially useless due to poor design choices. Any analytics visu-
alization that focuses on “form,” such as featuring multiple “gauges,” 3-D
effects, and unnecessary graphics over the clear, simple, and effective com-
munication of information is likely doomed from the start!

Consider Figure 10.1, which illustrates a chart displaying the average
number of X-rays per shift for a diagnostic imaging department. To “pretty
up” the chart, a picture of one of the X-ray rooms is layered in the back-
ground. To make the picture more visible, a transparency was applied to
the bars, which causes them to blend into the background—a poor design
choice, given that the information presented via the bars (the average num-
ber of X-rays) is the reason this chart was created in the first place! To make
matters worse, the designer of this chart included a pie chart to highlight
the percentage of portable X-rays performed (the dark slice) versus the non-
portable X-rays (the light slice). Even though the intent of adding the image,
adjusting the bars’ transparency, and including the pie charts is to make the
chart more “interesting” and to convey more information, the actual effect
is to make the information harder to understand. The exact same informa-
tion is conveyed in Figure 10.2, which is not as visually distracting, thereby
allowing users of the information to make sense of it more quickly and
easily. Figure 10.2 very clearly shows that, on average, the 0700-1500 shift

Average Number of X-Rays Completed by Shift

Completed X-Rays

0700-1500 1500-2300 2300-0700
Shift

FIGURE 10.1 Sample of a Chart Exhibiting “Chartjunk”
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FIGURE 10.2 Sample of a Chart with “Chartjunk” Removed

performs the most X-rays, and that proportionately more portable X-rays are
performed during the 2300-0700 shift.

How to Make Better Information Displays

It can be very frustrating to decision makers and other users of analytics
when it is difficult to interpret or otherwise use the information that is con-
tained on a chart. The causes of poor chart usability have been studied and
grouped into types of problems that can negatively impact on the chart’s
ability convey the message intended.’ A few examples of the types of prob-
lems identified are:

= Explanation. Some data element or other component is not explained
(i.e., no definitions or descriptions are provided).

= Discrimination. Discrimination issues occur when items on the charts
are not easily distinguished, such as charts designed for color but print-
ed out in black and white, or symbols made too small to be readable.

= Construction. The layout of the chart itself is in error, such as tick
marks that are incorrectly spaced, labels that are incorrect, incorrect
scales, and other similar issues.
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Many of these issues are illustrated in Figure 10.1. In particular, there is
no explanation as to what the pie charts represent and the key information
in the chart is difficult to discriminate because the bars have a transparency
applied and tend to blend into the background.

In addition to the major problems to avoid that are given in the previ-
ous list, there are other tips that can greatly improve the usability of charts.®
Some of these tips include:

= Make the data stand out (after all, it is the entire point of the chart).

= Do not clutter the data region—any additional “decoration” in the data
region will detract from the overall message of the data.

= Use reference lines when appropriate.

= Strive for clarity—above everything else, the chart should be made as
clear as possible so that the person looking at the chart does not need
to work hard to clearly understand the message.

Don't let information presentation and visualization be the Achilles’
heel of your analytics system. I have seen too many great analyses and
insights ruined because somebody elected to use the default chart settings
on a spreadsheet program or because somebody tried to show all the pos-
sible 3-D widgets on a single performance dashboard. A lot of time and
effort goes into cleaning data, preparing metrics, designing reports, and
building dashboards—spend the extra bit of time required to ensure that
the intended message of a chart or other visualization is clear and that noth-
ing in it detracts from that message.

Dashhoards for Quality and Performance Improvement

The increasing pace with which decision makers and QI leaders must make
decisions demands new compact methods of presenting information that
enable more efficient synthesis of information and decision support. Com-
puterized dashboards are now a very common approach with which to
assemble the most important performance and quality information into a
compact, accessible, and understandable format for decision makers.

Unfortunately, the term “dashboard” is perhaps one of the most abused
words in data visualization today. It seems as though almost every execu-
tive, manager, and other decision maker wants a dashboard for their own
particular use consisting of data that is uniquely important to them. Eager
to comply, health information technology services and dashboard devel-
opers are happy to assemble a mash-up of the requested charts, tables,
and gauges and deploy it, often without consideration of what other dash-
boards and visualizations are necessary or available.
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Monthly Performance Dashboard - Emergency Department July 2013

Indicator Target Current 13-month trend

A. LOS < 24hrs 95.0% 97.6% h
B. LOS - Admitted Patients < 8 hrs 90.0% 34.8% m I ad
C. LOS - Non-admitted Patients < 4hrs ~ 90.0% 48.7% m T ——

D. Left Without Being Seen (LWBS) Rate 6.5% 6.84% “. \/\/\/\/\
E. Left Against Medical Adivce (LAMA) Rate 0.75% 0.35% -. M\

FIGURE 10.3 Sample Performance Dashboard

One of the best definitions of the term dashboard that I've come across
and use to guide my own work is from Stephen Few, who states that “a
dashboard is a visual display of the most important information needed
to achieve one or more objectives, consolidated and arranged on a single
screen so the information can be monitored at a glance.”” By this definition,
it is important (and essential) to see that dashboards are much more than a
simple collection of charts, graphs, and numbers.

Most decision makers and QI facilitators request dashboards as a tool
with which to quickly assimilate information, to determine if problems exist
and where those problem areas are, and to guide decision making. Although
some dashboards are primarily numerical, the power of dashboards is that
they are highly graphical, compact, and can often communicate insight
more effectively and efficiently than numbers and text alone, or more tradi-
tional report formats.

Dashhoard

“A dashboard is a visual display of the most important information needed
to achieve one or more objectives, consolidated and arranged on a single
screen so the information can be monitored at a glance.”

Despite the promise of information clarity and superior usability offered
by dashboards, many have the opposite effect and serve only to confuse the
user. That is why special attention must be paid to how the information will
be used, how that information will be perceived, and what design elements
are most appropriate for communicating the intended message. Dashboards
do not have to be cute, but they must be functional.
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See Figure 10.3 for a sample dashboard that highlights five basic per-
formance indicators for a notional emergency department. The dashboard
combines numeric and graphical elements that highlight current perfor-
mance and compares it against the organization’s past performance. To
illustrate the emergency department’s performance on each indicator over a
13-month period (July 2012 through to July 2013, inclusive), the dashboard
uses a graphing technique known as “sparklines,” which are in essence
mini-line graphs without axes or value labels. Sparklines are useful when
you need to communicate previous performance trends on a dashboard but
not the actual values. Intended to be condensed, data-intense, and simple
in design, the purpose of sparklines is to provide a historical context of per-
formance data; additional details can be provided in supplemental graphs
or reports.? In this case, adding a complete line graph for each indicator
would both consume valuable space on the dashboard, and be unnecessary
because the trends are clearly visible without axes and labels present. The
dashboard in Figure 10.3 also uses a bullet chart to illustrate the percent
of cases that achieved or exceeded performance targets. Bullet charts are
designed to “display a key measure, along with a comparative measure
and qualitative ranges to instantly declare if the measure is good, bad, or
in some other state.” Bullet charts consist of a series of background colors
or shades that denote performance ranges such as “bad,” “satisfactory,” and
“good.” Bullet charts also include a marker that identifies the target value or
comparative measure and the main bar itself that encodes the performance
measure in question.

The purpose of a dashboard is to achieve one or more objectives, and
therefore it should not be splattered with every indicator and data element
available. This will reduce usability and perhaps lead to information over-
load. If dashboards are to serve for quality and performance improvement
purposes, the information relayed on them must be related to this purpose.
This means ensuring that true performance indicators and other measures
related to QI are the sole focus of specific dashboards.

Tip

If a piece of information does not highlight a problem or impending
issue, suggest a course of action, or evaluate the outcome, then the
information should not be on the dashboard.

In my experience, building a special-purpose dashboard requires a focus
on the specific indicators needed to monitor and evaluate a QI project. This
focus in turn helps keep the QI team focused on the activities necessary to
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There are many outstanding books, web sites, and other resources
on the topic of effective dashboards. For a comprehensive listing of
excellent resources on the design, development, and deployment of
dashboards for quality and performance improvement, please visit this
book’s web site at http://HealthcareAnalyticsBook.com.

achieve the project goal, since the indicators serve as a reminder of what is
necessary and important. QI dashboards that serve HCO administrators can
replicate key project-specific indicators to allow a visual glance of how each
individual QI project is performing.

Dashboards should fit on a single screen, on the reasoning that all the
information a user needs to make a decision on an issue is available at
a single glance. This is an important consideration; if a dashboard spans
several computer screens or several printed pages, then you've created a
report. I certainly do not disparage reports; however, if the need is for a
single at-a-glance collection of key information required for decision mak-
ing, then stick to a single-page dashboard.

A well-designed dashboard, or a series of dashboards, can be an invalu-
able tool for improving quality. With the right metrics defined, proper tar-
gets identified, and necessary action triggers, a dashboard can provide true
insight into the performance of an organization. It is critical, though, that
as much thought and design effort go into building dashboards that truly
facilitate an analytical view as went into identifying quality goals, indicators,
and targets in the first place.

Dashhoard Design Hints

Dashboard deployment projects seem deceptively simple, yet often result in
something less than useful. In my experience, a few critical success factors
are necessary to create truly useful dashboards that support decision mak-
ing and taking action to improve quality and performance:

= Focus on the indicators that are most critical to quality. Quality
dashboards should include only those indicators that are aligned with
the quality goals of the organization, or are essential to the ongoing
monitoring and evaluation of current improvement projects. Informa-
tion not directly relevant may still be important, but probably belongs
somewhere else such as a separate dashboard or supplemental report.
= Display appropriate indicators. When displaying indicators on dash-
boards, be sure to select visualization approaches that allow important
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information to “pop out.” For example, drawing a simple line graph of
a quality indicator may not be as clear as displaying information as a
deviation from a target value. Because there may be multiple indicators
on a dashboard, the information necessary to make a decision must be
made as salient as possible.

= Don’t be afraid to develop multiple dashboards. Too much infor-
mation crammed onto a dashboard simply to meet the one-page defini-
tion only leads to confusion and greatly decreases overall usability of
the dashboard.

= Avoid all unnecessary clutter and decoration. Many dashboard
tools are offering more and more “eye candy,” such as 3-D charts and
fancy gauges, yet do not provide a strong suite of tools to draw simpler
but more visually effective information displays such as bar charts and
line charts, and lack support for truly innovative and effective informa-
tion display tools such as bullet charts.

= Include end users in the design of dashboards. End users must be
involved in the design of dashboards, because ultimately they are the
ones who will be using the information on them to make decisions.
Dashboards may lack relevance and decision-making impact without
the consultation of end users.

= Make the dashboard as visually appealing as possible. Although
in previous points I have stated that the dashboard designers should
avoid trying to be cute or fancy in their designs because these elements
detract from information usability, dashboards should still be visually
appealing (even if it’s in a plain vanilla sort of way). I am sure that
everyone has seen dashboards that are strikingly ugly. Even though
everybody has different tastes when it comes to design, by following
the design guides for data visualization listed elsewhere in this book,
and using common sense, it is possible to design a dashboard that is
attractive, functional, and relevant to the quality and performance initia-
tives it is built to support.

With the goal of keeping dashboards on-message, Stephen Few has
identified a library of essential display media components for the display
and/or highlighting of data on dashboards. The components identified by
Few consist of graphs/charts, images, icons, drawing objects, text, and orga-
nizers.'” The most common of these are described in the following list.

= Graphs. The most common display media due to the preponderance
of quantitative data to be analyzed and shared, the appropriate graph
or chart to be used must match the type of data being graphed and the
purpose for which the information will be used.



178 Usability and Presentation of Information

= Icons. Icons are simple images with a clear meaning whose job it is
to showcase certain information and highlight trends within a dash-
board; simple shapes such as circles, squares, and triangles often
work best and do not contribute to clutter or chartjunk when used
appropriately.

= Text. Although by their nature dashboards are designed to be primar-
ily graphical, text is useful for communicating information that may not
be suitable for graphical representation (for example, when reporting
a single stand-alone measure or value that is not compared to other
values, and for labeling chart axes).

= Images. In some cases, an image such as a diagram or photo on a
dashboard can help clarify or highlight information (for example, a
unit’s floor plan that indicates which rooms need cleaning), but images
should never be used purely for decoration.

See the book’s website at http://HealthcareAnalyticsBook.com for
examples of these various media and how they can be used to enhance
information displays on dashboards.

Agents and Alerts

Another factor that enhances the usability of analytics is automation. Cur-
rently, much of healthcare analytics is “self-serve” or “push.” Self-serve
requires users to go get the information that they need to make a decision
(such as run a report, or view a dashboard), they may not be inclined to
do so (because they are too busy, don’t like the tools, or for any number
of other reasons). Self-serve BI and analytics is ideal because it eliminates
the dependency on analysts and developers to constantly run data requests;
people can get what they need on their own.

Some people, however, just don’t want to get information on their own,
or may need to be alerted when a condition has changed. Analytics “push”
may risk turning decision makers and other information users into passive
recipients of information. Many busy people in healthcare prefer to get
daily statistics, dashboard updates, and other information delivered into
their e-mail in-box. The downside of “push” is that people may tend to tune
out information deliveries (that is, reports and dashboards in their in-box)

Real-time data systems now make it possible to create meaningful
alerts that can notify decision makers when certain conditions are be-
ing met.
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if it’s always the same information that is received. I have seen many cases
where managers, executives, and other users of information within an HCO
come to rely on the push of information, and lose the ability (or sometimes
the interest) to access the analytics portal and to query information sources
themselves.

It is ideal when decision makers are notified when a situation warrants
attention instead of being consistently flooded with information. Real-time
data systems now make it possible to create meaningful alerts that can
notify decision makers when certain conditions are being met or specific
situations arise. When alerts are used appropriately, executives, managers,
quality teams, and others can be notified of these situations using e-mail,
paging, messaging, or other means. This prevents them from having to con-
tinually monitor performance dashboards, and reduces the risk of missing
something important when issues do arise.

In essence, alerts (or “agents”) programmed to detect certain predefined
conditions or to execute certain business rules scan available real-time data,
or repositories of retrospective data, for instances that violate a business rule
or predefined condition. These types of agents require data that can be used
to calculate the business rules, and such data must be updated frequently. The
data available, and the frequency at which it is refreshed, greatly impacts the
complexity of the rules that can be executed and how often they can be run.

Some of the uses that I have seen alerts employed for include:

= Identifying patients for inclusion in clinical research studies (by com-
paring presenting medical conditions, prior history, and other data with
study inclusion requirements) and notifying researchers and/or intake
nurses; and

= Alerting executives when excessive ambulance offload delays are occur-
ring (by calculating the length of delays based on arrival time).

Although alerts can provide very timely information to executives to
allow for quick action to be taken, alerts are not a solution for everything.
A few things to consider are:

= People quickly become “alert fatigued”; ensure that alerts are truly the
best way to induce action; otherwise, too many alerts will lead to them
just being ignored.

= Send alerts to the real decision makers; if alerts are sent to delegates
without decision-making authority, the alerts may not be triggering
timely enough action.

= Ensure alerts are accurate; decision makers do not want to be woken at
3 a.m. because a data glitch inadvertently triggered the alert.
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Providing Accessibility to and Ensuring Usability
of Analytics Systems

Most BI suites offer a portal-type interface where users can navigate
throughout a file structure (similar to most computer operating systems)
or more intuitive and interactive web-based interface to find the reports or
other information they need. This is fine so long as the number of folders,
files, reports, agents, and analytic applications remains manageable and
well organized. Much like on any computer, however, as the number of
resources needed to be organized increases, the more difficult it is to keep
the structure logical and easy to navigate. The additional challenge with an
analytics or BI portal is that the navigation structure is usually somebody
else’s idea—or, perhaps worse, is designed by committee—and so it may
not be easy to remember or may not even make any sense to the person
who did not design it.

As the information needs of an HCO expand, so do their existing ana-
lytics and reporting portals. This may have a very negative impact on usabil-
ity; if users need to spend a lot of time searching for the report, dash-
board, or analysis that they need, they either will find some other source
of information, or, more likely, will contact the analytics team to find (and
execute) the report they were looking for in the first place. This second
scenario is especially wasteful given that it consumes both the decision
maker’s and the analyst’s time with a request that should have taken almost
no time at all.

One of the ideals of BI and analytics is “self-serve,” where decision
makers and other users who need information from dashboards, reports, or
other analytical applications can access the tools within a portal or some
other repository, run the application or dashboard, and retrieve the data
they require. The win-win for self-serve is that people who need informa-
tion can get it when they need it, without relying on an analyst to pull it for
them. The analytics professionals are thus freed to put effort into building
even better self-serve tools and to work on solving more in-depth problems
than simple data requests.

The two main barriers to self-serve are poorly designed portals (as
described above) and reports and other tools that take a very long time to
run. A few enhancements to most analytics portals can greatly improve their
usability and their utilization within the HCO. A few of the enhancements I
would suggest include:

= Organize the portal effectively

= Provide comprehensive documentation
= Reduce/reuse

= Minimize runtime
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Organize effectively. Although everybody thinks and organizes infor-
mation differently, try to organize the portal logically; for example, orga-
nize based on quality goals and other groupings of strategic interest to the
organization. For example, grouping dashboards, scorecards, reports, and
other analytics tools by functional area, strategic objectives, or even tactical
projects would be a format that most end users of the information would
understand. But I would avoid groupings that make sense only to the devel-
oper (such as grouping by request date, or by original requestor).

Provide documentation. Users need to know how the analytics por-
tal is organized. Ensure that comprehensive documentation is available (in
either downloadable form or an online “wiki” format) that clearly outlines
how the portal, data warehouse, or other repository is structured; what
resources and reports are available and what information they provide; and
how to run available reports and tools.

Some strategies that I have seen to improve the ease of navigation
through analytics portals include a web page on the opening screen that
includes quick highlights (for example, a “what’s new”), a frequently asked
questions (FAQ) section, and quick links to the most commonly needed
dashboards, scorecards, reports, and other tools.

Reduce/reuse. One of the factors that decreases usability is the sheer
number of reports and other tools that are available within a repository.
Chances are that not all of those are active; those that haven’t been run
in a year or two, or are otherwise clear, can probably be removed from
the repository. Try to reduce the number of reports by consolidating; many
reports within a repository are likely variations on a theme. If there are many
similar reports, for example, group them into a single report but create a user
interface that allows for users to select which data items they need; this will
allow users to run the report and retrieve only the information they require.

Minimize runtime. Another barrier to self-serve and analytics usabil-
ity is the runtime of some reports, scorecards, and other analytics tools—
especially if they are running on data that is not preaggregated and in which
the server must process each record individually as part of the calculations.
Needless to say, there are numerous reasons analytics tools run slowly,
ranging from issues with the way the report is programmed to network
latency and database indexing and other optimization issues. Analytics team
members may need to work with additional technical specialists (such as
database administrators) to help identify root causes of slowly performing
analytics and to identify solutions.

These tips represent mitigations to the most common usability issues that I
have seen regarding the use of analytics and BI portals. Overall, analytics teams
need to be aware that how the information is made available in portals or other
means impacts the usability of that information, and should strive to develop as
intuitive, clutter-free, and easy-to-navigate analytics portals as possible.
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CHAPTER {1

Advanced Analytics in
Healthcare

The best way to predict the future is to invent it.

—Alan Kay

Analytical systems have the potential to provide healthcare leaders much
more information and understanding of their organizations than simply
reporting on past or current performance. In fact, just knowing what has
happened is usually not enough to make transformational decisions. Health-
care decision makers must now leverage the growing volumes of data being
collected by electronic medical records and other systems to gain insight
into future performance and resource requirements. This is now possible by
using advanced analytical tools that apply algorithms and other mathemati-
cal methods to better understand how quality and performance are likely
to vary given a change in process, policy, or patient need. This chapter will
discuss the tools and techniques commonly associated with data mining
and “predictive analytics,” identify where these algorithms can be employed
within a healthcare setting, and uncover obstacles and pitfalls associated
with relying on computerized prediction models.

Overview of Advanced Analytics

Because the use of data mining, text mining, and predictive algorithms is
relatively new in healthcare, healthcare organizations (HCOs) are at dif-
ferent stages of their use of predictive and other advanced analytics. Most
HCOs are likely in the early stages of using these types of analytics, while
HCOs at the other end of the spectrum may be using data mining and
predictive analytics in everyday clinical decision making and management.

183
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A NOTE ON TERMINOLOGY

Although T use the terms “predictive analytics” and “advanced analyt-
ics” interchangeably at times in this chapter, “predictive analytics” re-
fers specifically to the tools and algorithms used to analyze historical
data to make an inference, or prediction, about future performance.
My use of the broader term “advanced analytics” encompasses all the
various analytics tools and techniques that can be used to identify pat-
terns in and learn from healthcare databases, including those used for
data mining, prediction, and other applications.

Most HCOs, however, are likely somewhere between these two extremes.
This section of the book will be helpful to HCOs at all stages of adopting
advanced analytics to discover new knowledge within their databases, to
improve management decision making, and to better anticipate and achieve
the clinical needs of patients.

Advanced analytics in general, and predictive analytics in particular,
are not comprised of a singular “predictive” approach or algorithm but
rather a collection of methods and techniques that must be used in con-
cert to achieve the goal of learning from data and determining outcomes.
Considered a branch of artificial intelligence, these tools and techniques
build on the fundamentals of several disciplines, including computer sci-
ence, computer engineering, and statistics. To be sure, predictive analytics
capabilities are becoming much more accessible to analysts in many types
of organizations, including healthcare. That is because several of the key
factors that enable predictive analytics are now making their use more fea-
sible. The goal of predicting outcomes, however, is not new to healthcare.
The field of epidemiology, for example, has long sought both to describe
the patterns of the occurrence of disease in populations and to analyze
those patterns, “with the ultimate goal of judging whether a particular expo-
sure causes or prevents disease.”! In other words, given an exposure to a
certain substance or environment, we would like to be able to predict the
likelihood of an individual developing a certain outcome (i.e., disease).

Improving healthcare quality and performance is a long-term endeavor
that requires information and insight to guide decision making. Simply know-
ing “what happened,” however, is not enough to make the decisions and take
the actions necessary to transform healthcare. By leveraging existing business
intelligence (BD) infrastructure and systems within an organization, advanced
analytics tools can help focus an HCO’s improvement efforts through deep
analysis of available healthcare data, identifying patterns and discovering
knowledge contained within that data, determining the best opportunities
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Improving healthcare quality and performance is a long-term endeav-
or that requires information and insight to guide decision making.

for improvement, and evaluating the effectiveness of implemented process
changes. When deployed at the point of care, advanced analytics can directly
support decision making about the care of patients.

Many clinicians, administrators, and analysts are understandably excited
about the promise and potential of predictive analytics and the underlying
algorithms and systems that make it possible. Unfortunately the technology
and the associated challenges that are inherent in using predictive analytics
to enable healthcare transformation are often not well understood.

Predictive analytics uses various machine learning and statistical
approaches to “characterize historical information, which then can be used
to predict the nature and likelihood of future events or occurrences . . .
so that we will have a chance to alter the future and prevent something
bad.”? In other words, the goal of predictive analytics is to develop and use
algorithms that can analyze large volumes of data to determine trends and
patterns in the past performance of an HCO, and in turn use that insight to
predict future trends and patterns.

Predictive analytics has much in common with data mining; in fact,
data mining has a strong predictive component. The two disciplines are
closely related and both employ sophisticated mathematical and statisti-
cal approaches to analyze large volumes of data. Many of the analytical
techniques within these two disciplines are similar, with both applying the
process of analyzing large data sets in the search for useful patterns. More
formally, data mining is described as “the analysis of (often large) observa-
tional data sets to find unsuspected relationships and to summarize the data
in novel ways that are both understandable and useful to the data owner.”

Data mining is often the first step in developing predictive analytics,
and comprises what is known as data discovery. Data mining can be used
to examine data and uncover patterns that may not be previously known
to or easily determined by human analysts. Predictive analytics, using many
of the same algorithms as data mining, often applies patterns detected and
quantified in the data by data mining efforts to make predictions regarding
future performance or outcomes.

For example, data mining techniques can analyze large volumes of
data looking for relationships between health conditions (for example,
coronary disease or diabetes) and associated outcomes (such as hospital
admissions or death) and discover within the data possible predictor vari-
ables associated with these conditions and outcomes. An analyst in turn
can leverage the patterns uncovered with data mining to develop algorithms



186 Advanced Analytics in Healthcare

and analytical tools that can be applied to patient data to predict likely out-
comes or other events directly related to the care of patients, or even deter-
mine with some accuracy proper medication doses and treatment protocols
at the point of care.’

Applications of Advanced Analytics

Advanced analytics has potential for use in many different realms of health-
care, ranging from clinical and operations research to point-of-care clinical
decision support, plus many other administrative and planning functions.
Several such sample applications of advanced analytics include:

= Clinical decision support. This involves providing evidence to sup-
port decision making by clinicians, and has many facets including:
= Providing real-time point-of-care information and insight;
= Suggesting possible diagnoses given ambiguous symptoms, incom-
plete history, or other missing data; and
= Predicting likely patient outcomes (e.g., admission, long stay) given
the past history of a patient (and of similar patients).
= Population health management. Determining the most effective
interventions and prevention practices for high-risk patients to prevent
future adverse health events.
= Administration and planning. Providing the ability to peer into the
future of a healthcare facility to understand likely resource require-
ments, including staffing levels, bed requirements, and service avail-
ability (such as diagnostic imaging).
= Fraud prevention. Using algorithms to detect patterns in past data
consistent with likely fraudulent behavior, and applying that knowledge
in real time to identify and flag suspect claims transactions and other
suspicious activity before any money is dispensed.

Another application of advanced analytical techniques in healthcare
is text mining. Electronic medical records (EMRs) often store data that is
structured, numerical, historical, codified, and thus fairly easily analyzed. A
significant amount of data, however, is in an unstructured format. Unstruc-
tured data is typically text-based data that is input as part of progress notes
or other documentation, and is very difficult to analyze using standard
methods. Unstructured data nonetheless is still a very important part of the
medical record and contains significant value. Text mining algorithms are
becoming more common to analyze unstructured healthcare data by con-
verting the textual data into more structured, even numerical, formats, and
rendering the information easier to analyze.’
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Enablers of Predictive Analytics in Healthcare

Although many of the statistical methods for predictive analytics have been
around for a long time, there are several key enabling factors that have
paved the way for the recent advancement of predictive analytics in health-
care. These enablers include methods, data, and systems.

= Methods. The statistical models and algorithms used for predictive ana-
lytics are constantly evolving and improving; “classical” methods such
as regression modeling are being used alongside (and in some cases
replaced by) newer machine-learning algorithms.

= Data. The continued expansion in EMR use is providing the volumes
of data necessary to develop, train, and validate statistical models and
predictive algorithms without having to resort to manual data collection
methods (such as chart pulls).

= Software. Predictive analytics capabilities are being built into more
types of software, and are becoming easier to use.

METHODS Predictive analytics is itself not a single algorithm or formula,
but a family or collection of methods developed from fields such as statis-
tics, computer engineering, and computer science. Many of the statistical
methods used for predictive analytics have been around since the advent
of modern statistics. However, these methods traditionally were not acces-
sible to people who did not possess some degree of training in statistics. In
the not-so-distant past statistics was a bit of a dirty word that scared many
people off. (Who could have guessed that by 2012 “data scientist” would be
considered a “sexy” job?®)

In addition to increasing volumes of data, and the increasing accessibil-
ity of software to perform the analysis required of advanced analytics, the
analytical methods of prediction have themselves been evolving. At one
time, predictive models were primarily statistical in nature (for example,
based on linear or logistical regression and other statistical approaches).
With the advent of computer science and related disciplines, other tech-
niques have become available for use in predictive analytics (such as arti-
ficial neural networks and decision trees). Although such a wide array of
models to choose from might at first seem dizzying, it does mean that there
are more choices from which to select an approach that is appropriate for
the problem (and constraints) at hand.

DATA Before healthcare information systems and accessible databases
were available, the data necessary to conduct research and develop relevant
models was exceedingly hard to obtain—it usually took a lot of manual
effort to gather the data in the quantities required to generate statistical
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Lesson Learned

Despite the increasing accessibility of the tools and data necessary for
predictive analytics, don’t fall into the trap of looking for a “problem”
that needs a predictive analytics “solution.” The need for predictive
solutions will emerge as the analytics capabilities of the HCO evolve
and the analytics needs of the organization are better understood.

models with any validity. Before electronic health records became wide-
spread, it was necessary to extract data by hand from paper charts. Because
pulling data this way is very labor-intensive, it was always necessary to
make a trade-off between the number of records to pull (due to time and
money constraints) and the statistical strength of the results given the avail-
able data. To achieve this balance, researchers would calculate how many
sample records would need to be pulled in order to achieve a certain sta-
tistical power based on the assumed strength of the relationship of the
variables under investigation. After all this, researchers would usually be left
to work with the bare minimum number of charts and minimum amount of
data required to develop and test their models.

As electronic healthcare records became more widespread in their use,
the accessibility of the large amounts of data for statistical analysis and
model building has been greatly enhanced; with the right data access tools,
it is possible to obtain thousands of electronic record extracts based on very
specific selection criteria.

TIP

Predictive analytics is a rapidly progressing field—what is state of the
art as of the writing of this book may be obsolete soon after it is pub-
lished. Please visit this book’s web site, http://HealthcareAnalyticsBook
.com, for a continually updated set of resources that point you to the
most recent literature and information on developments in this field, as
well as a set of links to various software tools that you can use to give
advanced analytics a “test drive.”

SYSTEMS There have been many recent advances in the software avail-
able with which to perform advanced analytics. For many years, specialized
statistical software was used only by statisticians, researchers, and analysts
primarily due to the complexity of the tools (many such tools were mainly
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“command line”—driven for a long time), the need to learn specialized script-
ing languages to get the most out of such software, and the cost, which in
many cases was prohibitive.

Analytics is an emerging and rapidly growing market, so many of these
barriers have been overcome, and analysts have at their disposal a much
wider range of options. The variety of tools now available allows analysts
to select the analytics tools that best fit their requirements and their bud-
gets. Contemporary analytics tools may be stand-alone, or embedded into
other products. There are several ways in which analytics capabilities can
be accessed. A few examples of how advanced analytics capabilities are
offered are summarized here:

= BI vendors are starting to include statistical modules in their offerings
by developing their own statistical tool sets or buying out an existing
statistical software tool and integrating it into their own BI suite.

= Plug-ins are available for use with popular spreadsheet software pro-
grams that can perform some of the basic predictive analytics tech-
niques that are discussed in this chapter.

= Specialty mathematical and scientific programs contain powerful tools
that help build and test predictive analytics models using a variety of
approaches.

= Open-source statistical and data mining tools provide very powerful
tools at a very low cost—provided that the user is willing to invest the
time to learn the systems and does not need to rely on the support and
training options typical of large vendors. (An open-source tool that I
commonly use is R, available at www.r-project.org.)

= Specialized file and data management systems that support extremely
data-intensive applications. Facebook, for example, uses Hadoop to
manage its data system, which is growing by half a petabyte, or 500,000
gigabytes, per day.”

Lesson Learned

Predictive analytics capabilities can be expensive to purchase, depend-
ing on what base software is being used, and what the requirements
are. If your HCO does not already have such capabilities, I recommend
experimenting with a few of the less expensive options, such as open-
source tools, before committing to a larger, more expensive platform.
Once the need for a predictive solution is identified, youwll want to
experiment with several types of models and algorithms before making
a major financial commitment.



http://www.r-project.org

190 Advanced Analytics in Healthcare

Developing and Testing Advanced Analytics

HCOs can invest significant resources and time in the development of BI
and analytics solutions, including enterprise data warehouses, BI suites,
selection of metrics and key performance indicators, and dashboards. Yet
I find it interesting that many of these same organizations may believe that
adopting predictive analytics is somehow a “plug-and-play” effort and that
the software can do the algorithm development, selection, and deployment
itself and subsequently operate on virtual autopilot. But just as dashboard
solutions are rarely useful right out of the box and require initial custom-
ization and ongoing maintenance, predictive analytics requires significant
thought and understanding to implement plus regular tweaking to maintain
accurate and reliable results generation.

In a nutshell, the objective of a predictive model is to successfully use
the value of one or more variables to consistently and accurately predict the
value of another variable. There are two main types of predictive models:
classification and regression. The term classification refers to when an algo-
rithm attempts to place objects into groups based on attributes and relation-
ships derived during the development and training process. Classification
techniques are used for categorical variables (such as “yes/no,” Likert scale—
type data, or other such discrete data); the term prediction, on the other
hand, occurs when an algorithm predicts an unknown (or missing) value
based on a continuous-value function.® Regression models, for example, are
considered suitable prediction models for data consisting of continuous, or
numeric, variables (such as age, weight, height, and length of stay).’

For example, determining if a patient is likely suffering from influenza
(as opposed to merely a cold or allergies) based on factors such as pres-
ence of high temperature, other signs/symptoms, and exposure history is
an example a classification problem—that is, determining if a patient is
influenza-positive based on key categorical variables. Using variables such
as number of patients in the waiting room, time patients wait to be seen
by a physician, and number of ambulance arrivals to predict the daily “left
without being seen” rate would be an example of a regression-type predic-
tion problem.

The Analytics Modeling Process Overview

Although predictive analytics holds potential to improve decision making
and quality within healthcare, predictive analytics solutions are not trivial
to implement. In fact, the important decisions in which predictive analyt-
ics is likely to be involved demand that care be taken to ensure that the
problem is well defined, the data is understood and cleaned, that an appro-
priate algorithm or approach is selected, and, above all, that the output of
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predictive analytics is tested and validated. There are several widespread
frameworks that aid the data mining and advanced analytics development
process, including the Cross Industry Standard Process for Data Mining
(CRISP-DM)." To help ensure the successful adoption of predictive analytics,
the following steps and checkpoints based on the key points of CRISP-DM
and highlighted in Figure 11.1 should typically be observed:

1. Determine the requirements of the HCOs. Understand and docu-
ment why a predictive solution is required, and how it is going to be
used.

2. Understand, gather, and prepare the data. Know the data to be
used (i.e., what the context of the data is, how it can be used, etc.) and
prepare the data for use in a predictive model.

3. Choose and implement an appropriate model. There are many
types of predictive analytics solutions, so choose which model(s) is/are
most likely to be a good fit for both the data available and the intended
solutions, and then implement the model.

¢ Determine predictive analytic

requirements
J

~

¢ Understand, gather, and prepare data

J

~
¢ Choose and implement an
appropriate model

* Evaluate performance of the model

¢ Deploy the solution

and validity

)

Ongoing monitoring to check for accuracy ]

FIGURE 11.1 Advanced Analytics Modeling and Deployment Process
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4. Evaluate the performance of the model(s). Once a model (or mod-
els) has been developed, it must be evaluated to determine how accu-
rate and suitable it is for its intended purpose.

5. Deploy the solution. The last step is to deploy the selected and vali-
dated model so that it can be used.

Determine the Requirements of the Healthcare
Organization

As is necessary with all analytical-type projects, the first step in getting
started with predictive analytics is to determine the requirements the busi-
ness has for such a solution. I always find that it helps to ask, “What is the
basic problem we are trying to solve?” Much like when examining processes
to eliminate causes of waste and inefficiency, it is a good idea to get to the
root of why a predictive analytics solution is required. Without getting to the
root of the problem, it is possible that significant time and resources could
be expended on implementing a predictive analytics solution that doesn’t
truly address the issue.

TIP

Always begin a predictive analytics project by determining the root
cause of the problem for which a predictive analytics solution is being
sought, or risk expending precious time and resources on a computer
science experiment with no applicability to improving quality or per-
formance.

It is the tendency of talented analysts to start “solutionizing” right away:.
Jumping past a thorough requirements analysis, however, will mean pay-
ing the price later by spending time and effort on the wrong solution (and
sometimes, in fact, the wrong questions). Taking time to explore the issues
and requirements will help determine:

= Is a predictive solution necessary? If one is 7ot necessary, then don’t
bother wasting time and resources. To decide a true “need to have”
versus a “nice to have,” determine the value that the predictive solution
would have to the patient, the providers, and finally to the organization
as a whole. You also need to separate “research” from “operational”
requirements. Much research is done without directly being implement-
ed operationally, but adds value nonetheless. It becomes an issue of
managing resources.
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= How will a predictive solution be used? If predictive analytics is an
appropriate approach to solving a clinical or other issue, the next ques-
tion to ask is how the solution will be used. For example, is the solution
required at the point of care in real time to assist in clinical decision
making, or is it for administrative and planning purposes?

= Is a predictive solution feasible and/or possible? The next consid-
eration is whether a predictive solution is feasible and/or possible given
how it is intended to be used. For example, if a predictive solution is

BUILDING VERSUS ADOPTING

When a predictive solution is sought, the first instinct might be to
crack open the machine-learning textbooks, fire up the data mining
and predictive analytics software, and begin developing a predic-
tive model from scratch. The effort can be very rewarding, but it can
also be extremely time-consuming and resource-intensive. Before
embarking on the path of from-scratch development, it is advisable
to research for similar solutions that have been already developed.
Algorithms developed by others and published in the literature may
be just what your organization needs, or can at least form the basis
for expansion or modification. Many published algorithms are likely
to be peer-reviewed and -validated, which helps build confidence in
the models. Sometimes it turns out that a sophisticated computer solu-
tion is not required; many published predictive models are “decision
tree”—type algorithms that can be implemented electronically, but may
also be applied by the clinician without using a computer.
Examples of some of these types of predictive models include:

® Canadian C-spine rule. This algorithm “will permit physicians to
standardize care of alert, stable trauma patients, to rapidly ‘clear’
the cervical spine, and to be much more selective in the use of
cervical spine radiography without jeopardizing patient care.”"!

m LACE index to identify patients who are at high risk of
readmission or death after hospital discharge.'”? The LACE
index uses four factors to identify the risk of death or unplanned
readmission within 30 days after hospital discharge: length of stay
in days for the index hospitalization (L); acuity of illness at the
time of the index admission (A); Charlson comorbidity index (C);
and number of emergency department visits in the six months
before the index hospitalization (E).
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intended to be used at the point of care for clinical decision making, it is
necessary that the required data and algorithm processing are available in
real time, and that a mechanism exists (also in real time) to communicate
the results of the predictive tool to the provider making the clinical deci-
sion. Considerable more flexibility is possible for non-real-time solutions
or for solutions that are not at the point of care. The bottom line is whether
the people who need the predictive analytics will be able to obtain the
desired information that is both accurate and timely enough to be of use.

Understand and Prepare Data

The foundation of an accurate and reliable predictive model is the data from
which it is derived. Without accurate and reliable data, any results obtained
from predictive analytics are likely to be highly suspect, because low-quality
data will hinder statistical modeling and algorithm training. Following the
data quality recommendations in Chapter 5 will go a long way to ensuring
that there is good data for use in predictive models.

Having high-quality data is only the first step in preparing data for use
in predictive models; preparing data is a crucial step in the development of
predictive algorithms. Some of the steps necessary for preparing data for the
development of predictive analytics algorithms include:

= Selecting available instances. Selecting the appropriate sample of
records that contain data pertaining to the problem in question.

= Identifying outlier data. Removing clear outliers (as a result of data
input errors, for example) from the sample data set so as not to skew
the model.

= Dealing with sparse features. Incorporating measures to accommo-
date missing data in important data fields so that the model has as
complete a data set as possible with which to work.

= Converting data. Converting data into a format that can be used with-
in the algorithm (for example, converting alphanumeric variables to
strictly numeric).

The above are just a few of the measures required to clean and pre-
pare a data set prior for predictive modeling. Many higher-end software pro-
grams with predictive modeling capabilities may employ “wizards” or other
in-software assistance that walk you through the data preparation process. If
you are building predictive models from scratch (for embedding in a clinical
system) or using software such as R for building models, much of the cleaning
and preparation may need to be done without the help of a software wizard.

No matter how preparation of the data is done, it is a critical step in
the modeling process. In all likelihood, predictive analytics will be used
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during clinical and administrative decision making. The time spent up front
ensuring a usable data set for development and training is well worth the
effort—especially if it means the difference between using faulty data versus
reliable insight for clinical and administrative decisions.

Choose and Implement an Appropriate Model

As T mentioned earlier, “predictive analytics” is a very broad term, encom-
passing many different approaches and techniques. When first getting
started, just deciding how and where to start may seem daunting. I find it
valuable to maintain focus on the problem at hand to avoid getting lost in
the myriad possible tools, techniques, and algorithms. When choosing a pre-
dictive approach, it is necessary to account for several key factors, including:

= Purpose. What problem is being addressed, and how will predictive
analytics help?

= Qutput required. What information does the end user need? (Can it be
a simple number, or does it need to be a full clinical recommendation?)

= Data available. What data is necessary to drive the model to generate
the necessary output, and is that data available (either at all, or at the
frequency required)?

= Modality. Where is the predictive model likely to be used (administra-
tively in an office, clinically at the point of care), and does it need to be
in real time (focusing on current patients or current conditions)?

= Capabilities of the model (including assumptions, data requirements,
etc.). Is there a model that can provide the information and insight
required given the previous questions and assumptions? For example, a
model that returns a categorical result (i.e., “yes or no”) is not appropri-
ate if the required output is numeric (like a risk score).

Some analytics tools will scan a set of data and apply a statistical or
other predictive model based on what it believes is the model that “best
fits” the data. This process can help to identify and narrow down the list of
possible models from which to choose. It is not advisable, however, simply
to have a computer program pick a predictive algorithm for your particular
problem and data set without your at least understanding the fundamentals
of the particular algorithms.

When working with predictive analytics (and in fact all types of analyt-
ics), assumptions and limitations of the prospective model and the require-
ments of the end user must be accounted for to ensure a match and that an
optimal, valid, and reliable predictive solution is developed. Even if the ana-
lytics software you are using does fit the best model with the data and the
problem being solved, it is advantageous to know the basics—including the
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limitations, strengths, weaknesses, benefits, and drawbacks of the model,
and the issues with the data—to be confident in the predictive model being
selected, and to explain the reasons behind why a model was chosen.

If there are no ready-made predictive algorithms available that address
the particular needs of your HCO, the option exists to develop your own pre-
dictive analytics solutions. Despite the promise that some vendors make of
“plug-and-play” predictive analytics, there is a lot of work that must precede
the implementation of such algorithms. And once the analytics algorithms
are built, there is the continual need to monitor how well the algorithms are
performing and to ensure that data or process changes haven’t occurred that
would invalidate the algorithms altogether.

Evaluate the Model’s Performance

Because of the complexity of developing a model, it is important to test
any model thoroughly and completely prior to deploying it. Once a model
is built and in the testing phase, testing procedures and evaluation met-
rics against which to test the model will assist in an objective evaluation."
Extensive testing will help ensure that the model is generating appropriate
output, and can be used to determine how the model will perform in the
future under various conditions.

Testing a model involves determining the predictive capability of a
model on an independent set of test data (where the actual results are
known). Evaluating this performance is important because results of the test-
ing will guide the ultimate selection of which prediction model to use, and
will provide a sense of how well a model will perform when it is deployed.*

The primary factor being evaluated for a predictive test is the output
variable of the model. For example, models to determine whether a patient
is influenza-positive prior to receiving serology confirmation may be evalu-
ated based on their sensitivity and specificity. That is, how well do the mod-
els perform at positively identifying patients who actually have influenza
(sensitivity), and how well do they perform at ruling out those patients who
do not have influenza (specificity)? The eventual model chosen would be
the one that performs best on these two measures.

Another example is the testing of a model to detect hospital length of
stay based on a selection of identified clinical criteria. The model that would
be chosen is the one with output (estimated length of stay) most closely
matched to the actual lengths of stay of patients in the testing data set.

When testing a model, it is best not to test the model on the very same
data set on which it was built. The reason for this is that predictive models
can be tweaked and improved to the point that they perform perfectly on
their own training data, an occurrence that is known as overfitting." This
perfect performance would not be repeated for new observations, however,
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so testing on a new data set is necessary to observe more typical perfor-
mance of the algorithm.

Deploy the Solution

Predictive analytics can take many forms that impact how it is implemented
and deployed. There are many deployment possibilities based on the needs
of the organization. Deploying a predictive tool is as important a step as
building and testing the model. A consideration for deployment is how the
predictive tool is going to be used. For example, if the predictive tool is to
be used for administrative purposes, research, or non-bedside clinical work
(such as analyzing diagnostic images), the use of specialized software (such
as statistical modeling tools, dedicated image analysis software, or other
applications) is an acceptable alternative and is probably in fact necessary.
However, for use by the bedside, any predictive model should be integrated
into the clinical software in use so that it is available at the point of care, or
available in a mobile solution so that alerts and clinical insight generated by
predictive tools are immediately available to the care provider.

It is also important to remember that predictive modeling is not simply
“plug-and-play.” Once a model is developed, it must be continually evalu-
ated for performance and accuracy given that predictive analytics is likely to
be used to support decision making during the provision of patient care or
during other important decisions. These decisions can range from alerting
home care or other services in advance to prevent a long emergency depart-
ment visit due to a delayed discharge, to placing a patient in isolation due
to a potential infectious risk, to providing a lifesaving medication or medical
procedure. Other examples of such decision making can include:

= Determining the possible diagnosis of a patient.

= Taking preventive action to prevent queues in the waiting room.

= Providing necessary care to prevent long stays in the emergency depart-
ment and preventing unnecessary admissions.

Having effective data quality and data governance measures in place is nec-
essary to ensure that processes and data do not unexpectedly change, which
would result in the performance of a predictive model becoming compromised.

Overview of Predictive Algorithms

Statistical learning is the branch of science that focuses on the develop-
ment of algorithms for data mining, machine learning, and inference—the
foundations of predictive analytics. Statistical learning is commonly used
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in many industries where computers must learn from data and make infer-
ences or predictions of some future state. For example, in healthcare, statis-
tical learning can be applied to predict whether a patient with certain risk
factors is likely to contract a specific health condition. The same types of
algorithms can be used to predict the price of a stock in six months’ time
based on company performance measures and economic data, or to identify
the numbers in a handwritten postal or ZIP code from a digitized image.'®
There are many different approaches, algorithms, and methods that
together form the toolset of predictive analytics. Generally, the tools are
broken down into statistical modeling and machine learning, based on
their underlying assumptions and approaches. As mentioned previously, the
selection of a model will depend on the type of data available, what assump-
tions exist for the models, and what the business requires of the model. The
various models in this section represent several of the most commonly used
models in healthcare; the fields of statistical modeling and machine learn-
ing, however, are constantly evolving, so the reader whose interest lies in
these areas is encouraged to review the books and articles referenced in this
chapter and to visit this book’s web site, http://HealthcareAnalyticsBook.
com, for links and resources related to the most recent advances in this field.

Regression Modeling

Two terms that you are likely to come across when working with statistical
modeling and data analysis in general are dependent variable and inde-
pendent variable. The dependent variable is the observation or outcome
of interest, and is the output of a formula. An independent variable, on the
other hand, is the input to a formula, and can be considered a cause (or
what is tested to see if it is indeed a potential cause) of a change in the
dependent variable.

One of the most common statistical approaches for predicting outcomes
is regression. Considered to be a conceptually simple method for investigat-
ing functional relationships among variables, regression is a method used
in statistical analysis to quantify the strength of a relationship between a
dependent variable (such as healthcare outcomes) and one or more inde-
pendent variables (such as risk factors or environmental variables)."”” Using
regression, analysts work with several variables that are thought to correlate
to (and possibly predict) a certain outcome, to determine if a meaningful
mathematical relationship actually exists between the potential predictors
and the outcome. Analysts will be looking for a relationship that can best
approximate all the individual data points used as input. When linear regres-
sion is applied, for example, the relationship will take the form of a straight
line. For other, more complex relationships, lines with other geometry may
best represent the relationship.
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Regression can be used in healthcare to better understand how factors
are related in determining outcomes, and to predict outcomes of patients
depending on what factors are present, and in what quantities. For example,
healthcare analysts might use regression to determine and better understand
the relationship between what variables contribute to unexpected readmis-
sions to hospital after discharge. They can then use this understanding to
predict which current patients in hospital might be at risk for readmission,
and take preventive action to reduce the risk of a patient returning to hos-
pital unexpectedly as a negative outcome of a hospital stay.

Just as there are many types of data to analyze, and many types of ques-
tions that need to be answered, there are several variations of regression
modeling, depending on the relationship(s) you're trying to model and the
data available for inclusion in the model. Several basic types of regression
include linear, multiple, multivariate, and logistic, and they are detailed in
Table 11.1.

There are many benefits to using regression analysis for better under-
standing relationships between variables and predicting outcomes. Regres-
sion algorithms are very accessible. Most dedicated statistical software can
perform regression modeling with ease and, if necessary, it is even possible
to perform a regression analysis with spreadsheet software.” I have used
the open-source tool R for building regression models, and I find it a great
tool for exploring predictive analytics because of its extremely low cost of
adoption and extensible capabilities. For larger-scale predictive requirements
using regression, dedicated BI suites may offer built-in regression and relat-
ed tools. The benefit of using a solution that is integrated into an existing BI
system is that it is easier to implement the predictive capabilities within an
existing framework. The downside is, of course, that many of these solutions
come with a hefty price tag that may be a barrier to entry for some HCOs.

TABLE 11.1 Examples of Types of Regression

Regression Type Typical Use (and Example)

Linear Predicts a response in single dependent variable based on a
single independent variable. This type includes polynomial
regression, where the relationship is modeled in the form of an
nth-order polynomial of the single independent variable.

Multiple Predicts a response in a single dependent variable from two (or
more) independent variables.

Multivariate Predicts a response in two (or more) dependent variables from
one (or more) independent variable(s).

Logistic Predicts a categorical response in a dependent variable from

one (or more) independent variable(s).
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Another benefit of regression is that it is a well-understood model and is
a very common method for analysis and prediction. Regression modeling is
a standard tool used by many practitioners of Six Sigma,' and is a staple in
many clinical research and epidemiological studies. Regression is taught in
some introductory and most intermediate-level statistics classes, and many
professionals who work with healthcare data, if not proficient with the use
of regression, have at least a passing familiarity with its basic concepts.

Because of the widespread familiarity with regression, and the number
of tools with which it can be performed, regression is often the standard
by which other predictive models are compared. When embarking on a
predictive analytics project, a good starting point is to develop a regression
model initially to determine how well the model performs (f the problem
in question and data available fit the criteria for regression). If another type
of model (for example, a machine-learning model) is deemed necessary,
any newly developed models can be compared with the performance of the
regression model, with the best-performing model being selected.

Machine Learning and Pattern Recognition

Machine-learning and pattern-recognition systems are predictive approach-
es that are being increasingly used within healthcare. These types of
approaches are necessary when a predictive solution is required but the
assumptions of more traditional approaches (such as regression) no longer
hold with the problem being addressed. In all but the most trivial of cases,
insights, patterns, and other knowledge contained within data sets are not
obvious simply by looking at the data. For example, manually scanning
through even a small sample of patients who contracted sepsis during their
stay in a hospital ward may not reveal any clues given the many factors that
may impact the occurrence of sepsis. Machine-learning algorithms provide
the capability to scan all the cases of sepsis within a healthcare records
database and determine if there are any meaningful patterns in the data, and
may uncover previously unknown relationships.

Machine learning and statistics are both based heavily on mathematics,
but their approaches differ. Statistical approaches tend to demand more
conservative and restrictive analysis strategies, while machine-learning sys-
tems provide more flexibility. Specifically, machine-learning systems differ
from statistical approaches in that they “partially adopt heuristics (in addi-
tion to mathematics) to resolve real-world problems, especially when cat-
egorical (discrete) data are being used.”® Examples of how these types of
systems are being used in healthcare include:

= Reducing instances of healthcare fraud.
= Improving disease surveillance.
= Detection of tumors and other anomalies on diagnostic images.
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Although the field of machine learning is still relatively new, there are
many types of machine-learning systems (and variations thereof). Three
common machine-learning methods are artificial neural networks, deci-
sion trees, and support vector machines; these are described in Table 11.2.
The selected examples in Table 11.2 do not comprise an exhaustive list; in
fact, even the types of machine learning listed in Table 11.2 have different
subtypes associated with them. Please visit the book’s website at http://
HealthcareAnalyticsBook.com for a more comprehensive, up-to-date sum-
mary of machine-learning algorithms, with links to additional resources that
represent the latest developments in this important field.

There are a wide variety of machine-learning algorithms available from
which to select for any given prediction or classification problem in health-
care. As is usually case, the exciting potential associated with many pos-
sible choices also creates a challenge in determining the right (or at least
the best) approach to use. And the choice not only involves selecting the

TABLE 11.2 Selected Examples of Different Types of Machine Learning

Machine-Learning System  Description

Artificial neural network ~ ANN is a biologically inspired mathematical model
(ANN) based on our understanding of how neurons in the
brain function. The pattern-recognition capabilities of
ANN mimic those found in biologic systems.?’ ANN is
a very robust algorithm that offers high accuracy and
can output discrete or real values.

Decision tree Decision trees resemble a game of “20 questions,” where
“such a sequence of questions is displayed in a directed
decision tree, where by convention the first or root node
is displayed at the top, connected by successive
(directional) links or branches to other nodes.”*

Decision tree classifiers are powerful because the
results are typically easily understood (they are very
similar to “standard” decision algorithms), and they can
be implemented in source systems and BI software
that support basic computer operations.

Support vector machine SVM is one of the relatively newer classification methods;
(SVM) it is used for both linear and nonlinear types of data
and works by separating entities into mutually exclusive
regions.” The prediction process starts with a few
points (the support vectors) along the boundary area,
and proceeds by transforming the data into new spaces
where the separation between the classes is improved.
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ADVANCED ANALYTICS IN ACTION AND SAVING MONEY

A system of four hospitals in Washington State used advanced analyt-
ics to detect and identify errant accounts and claims to realize $2 mil-
lion in missed charges within a single year.*

best algorithm but also the best tool in which to implement and deploy the
algorithm.

It is important to remember that predictive analytics in healthcare is
still a relatively new field. Because of this, the tools for implementing pre-
dictive algorithms (such as the various machine learning varieties) are far
from being ready to use “out of the box.” Choosing and implementing a
valid predictive algorithm requires a deep understanding of the problem
being addressed, the data available, and the predictive algorithms likely to
be employed. The best approach for introducing predictive analytics into
an HCO is to develop and test several models that are likely a good fit for
the problem, and determine which approach is most feasible to implement
and provides the best accuracy in a “competitive evaluation” of algorithms.*

The relative newness and complexity of advanced analytics approaches
such as machine learning should not deter any HCO from pursuing these
potentially powerful tools. New uses for these approaches are always being
developed and successfully implemented. If your organization proceeds
incrementally with using predictive analytics, carefully matching applica-
tions with algorithms, there is a better chance that these powerful tools will
be successful, even if initially only on a trial basis, within your HCO. As
the capabilities of the organization grow, additional predictive tools can be
developed with increased complexity as the needs of the HCO dictate and
as the skills of the analytics team develop.

Notes

1. Charles H. Hennekens and Julie R. Buring, Epidemiology in Medicine, ed. Sherry
L. Mayrent (Boston: Little, Brown, 1987), 3.

2. Colleen McCue, Data Mining and Predictive Analysis: Intelligence Gathering and
Crime Analysis (Burlington, MA: Butterworth-Heinemann, 2006), 117.

3. David J. Hand, Heikki Mannila, and Padhraic Smyth, Principles of Data Mining
(Cambridge, MA: MIT Press, 2001), 6.

4. Robert Nisbet, John Elder, and Gary Miner, Handbook of Statistical Analysis and
Data Mining Applications (Burlington, MA: Elsevier, 2009), 316.



Notes 203

N

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.
22.

23.
24.

25.

. Ibid., 314.
. Thomas H. Davenport and D. J. Patil, “Data Scientist: The Sexiest Job of the 21st

Century,” Harvard Business Review, October 2012, http://hbr.org/2012/10/data-
scientist-the-sexiest-job-of-the-21st-century.

. Facebook Engineering, “Under the Hood: Scheduling MapReduce Jobs More

Efficiently with Corona,” November 8, 2012, www.facebook.com/notes/
facebook-engineering/under-the-hood-scheduling-mapreduce-jobs-more-
efficiently-with-corona/10151142560538920.

. Nisbet, Elder, and Miner, Handbook of Statistical Analysis and Data Mining

Applications, 23.

. Ibid.
10.

Pete Chapman et al., “CRISP-DM 1.0, Step-by-Step Data Modeling Guide,” www
.the-modeling-agency.com/crisp-dm.pdf.

Canadian C-Spine Rule web site, www.ohri.ca/emerg/cdr/cspine.html.

Carl van Walraven et al., “Derivation and Validation of an Index to Predict Early
Death or Unplanned Readmission after Discharge from Hospital to the Commu-
nity,” Canadian Medical Association Journal 182(6) (April 6, 2010): 551-557.
Donald E. Brown, “Introduction to Data Mining for Medical Informatics,” Clinics
in Laboratory Medicine 28 (2008): 9-35.

Trevor Hastie, Robert Tibshirani, and Jerome Friedman, The Elements of Sta-
tistical Learning: Data Mining, Inference, and Prediction, 2nd ed. (New York:
Springer, 2009), 219.

Brown, “Introduction to Data Mining for Medical Informatics.”

Hastie, Tibshirani, and Friedman, 7he Elements of Statistical Learning, 4.
Samprit Chatterjee and Ali S. Hadi, Regression Analysis by Example, 5th ed.
(Hoboken, NJ: John Wiley & Sons), 1.

Conrad Carlberg, Predictive Analytics: Microsoft Excel (Indianapolis: Pearson
Education, 2012), 4.

Michael L. George et al., The Lean Six Sigma Pocket Toolbook: A Quick Reference
Guide to 100 Tools for Improving Quality and Speed (New York: McGraw-Hill,
2005), 167.

Mlhoi Yoo et al., “Data Mining in Healthcare and Biomedicine: A Survey of the
Literature,” Journal of Medical Systems 36(4) (August 2012): 2431-2448.

Brown, “Introduction to Data Mining for Medical Informatics.”

Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern Classification, 2nd
ed. (New York: John Wiley & Sons, 2001), 395.

Hastie, Tibshirani, and Friedman, The Elements of Statistical Learning, 417.

Eric Siegel, Predictive Analytics: The Power to Predict Who Will Live, Click, Buy,
or Die, Kindle ed. (Hoboken, NJ: John Wiley & Sons, 2013), locations 8235-8230.
Nisbet, Elder, and Miner, Handbook of Statistical Analysis and Data Mining
Applications, 316.


http://hbr.org/2012/10/data-scientist-the-sexiest-job-of-the-21st-century
http://hbr.org/2012/10/data-scientist-the-sexiest-job-of-the-21st-century
http://hbr.org/2012/10/data-scientist-the-sexiest-job-of-the-21st-century
http://www.facebook.com/notes/facebook-engineering/under-the-hood-scheduling-mapreduce-jobs-more-efficiently-with-corona/10151142560538920
http://www.ohri.ca/emerg/cdr/cspine.html
http://www.facebook.com/notes/facebook-engineering/under-the-hood-scheduling-mapreduce-jobs-more-efficiently-with-corona/10151142560538920
http://www.facebook.com/notes/facebook-engineering/under-the-hood-scheduling-mapreduce-jobs-more-efficiently-with-corona/10151142560538920
http://www.the-modeling-agency.com/crisp-dm.pdf
http://www.the-modeling-agency.com/crisp-dm.pdf




CHAPTER { 2

Becoming an Analytical
Healthcare Organization

Business intelligence and analytics excellence “is achieved when orga-
nizations have in place the strategy, people, process, and technology
approaches that result in business impact, value, and effectiveness.” Ana-
lytics excellence, as it relates to healthcare quality improvement (QD), is
when the strategies, people, processes, and technologies are applied to
improvement initiatives and positively impact the quality and performance
of a healthcare organization (HCO).

Being an analytical organization requires more than simply acquiring or
possessing the tools and technology of analytics. To become an analytical
organization, an HCO must ensure that:

1. The analytic needs of the business and stakeholders are understood,

2. The organization possesses the right analytical people and skill sets;

3. The technology infrastructure supports the analytical people and the
analytical needs of the business;

4. The analytical people are deployed on the right projects and are
working on activities that move the organization closer to achieving its
performance and quality goals; and

5. Healthcare leaders, QI teams, and other decision makers actually use
the information and insight available through analytics.

Items 1 through 4 in the list above are issues that must be addressed
in the HCO’s analytics strategy. (See Chapter 3 for a discussion of analytics
strategies that drive healthcare improvement.) Ultimately, the analytics strat-
egy is responsible for ensuring that the organization’s analytical, business,
and technology requirements are in alignment and that efforts on all fronts
are focused on achieving the same goals.
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Item 5 above represents a gap between analytics development and the
use of analytics within the HCO, and is the most challenging step to becom-
ing an analytical organization. Several of the reasons this is a challenge
include the following barriers:

= Resistance to change. Healthcare leaders and decision makers are
understandably very busy, and some may feel that the “old way” of
decision making (replete with incomplete information and “gut feel-
ings”) is just fine. To overcome resistance to change, the value of analyt-
ics (in terms of making more effective decisions in less time) must be
demonstrated by clear, tangible results.

= Rapid business change. Sometimes by the time an analytical tool or
report is built and deployed, the precipitating crisis has passed and the
HCO has moved on to other issues. To prevent this situation, analytics
teams must be agile and able to respond quickly to the evolving needs
of the organization. Understanding and focusing on the overall quality
and performance goals of the organization (communicated via the ana-
lytics strategy) also helps analytics teams to be better prepared for the
kinds of analytics the HCO will be requiring.

= Distrust. Perhaps the most frustrating cause of a gap in analytics utili-
zation is distrust of the information. All it takes is two reports to show
different numbers for the supposedly same metric, and executives and
quality teams will be suspicious. This distrust can be rectified through
strong data governance and precise data and indicator definitions.
Addressing this also needs vigilance on the part of analytics teams and
data stewards to ensure that all potential sources of information are
in alignment and all possible sources of disparity in data are known,
monitored, and mitigated when required.

The barriers identified above prevent full usability of analytics through-
out the HCO, and each manifests some gap in analytics capability, whether
in knowledge, skill, understanding, or technology. To further address these
barriers, there are three main areas of excellence on which analytics teams
must focus to achieve excellence:

1. Technical. Technical excellence occurs when an HCO has established
an information infrastructure that allows for the smooth transfer of data
from source systems into an enterprise data warehouse or other data
store, the data in the data store is accurate and accessible to those who
need it in a timely manner for reporting and analytics, and the analytics
software and other tools are in place to meet the analytics requirements
of the HCO.

2. Professional. Professional excellence in analytics occurs when an HCO
has enough of the right professionals and the right skills to undertake
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analytical activities required in the pursuit of the quality goals of the
HCO.

3. Execution. Excellence in outcomes relies on having both technical and
professional analytics excellence within the HCO. Excellence in analyt-
ics execution means that an HCO has the processes in place to deliver
the right analytical capabilities and/or outputs to those who are work-
ing on actual healthcare transformation initiatives, and that the insights
generated from analytics are actually used.

Of the three layers of analytics excellence above, I consider execution
the most important, because that is the layer that addresses the analytics
usability gap. In fact, I believe that HCOs should relentlessly pursue exe-
cution excellence (that is, actually use analytics for real-world problems),
because doing so will drive the attainment of technical and professional
excellence. Without execution and use of analytics throughout the organiza-
tion, there will be no demand for technical and professional excellence. In
extreme cases, senior management may be oblivious to the analytics needs
and capabilities of the organization, thereby resulting in substandard and/or
haphazardly deployed information management technologies being rolled
out and poorly resourced and coordinated analytics teams left to fend for
themselves. Organizations that focus too much on technical development
of analytics infrastructure at the expense of execution, however, may run
the risk of building the “ultimate” and likely very costly analytics solution
that nobody in the organization can actually use because the focus on what
actually was required by the organization was lost.

You do need to ensure that you always use the highest-quality data pos-
sible, and that the technical infrastructure is as robust as possible. In reality,
however, no technical solution is ever going to be “perfect” (i.e., there will
always be some data quality problems, and the technology doesn’t always
work). Furthermore, no organization is going to have the exact right mix
of skills. But these issues can be overcome and evolve as analytics is used
within the HCO. To ensure that your HCO does not become permanently
stuck in a “build” phase, find ways to use the capabilities that already exist
(and stretch those a little bi)—and continue to meet the needs of the orga-
nization while providing clear examples of how analytics demonstrates
value for the organization.

Requirements to Become an Analytical Organization

Healthcare is in a state of change. HCOs can be responsible for driving
necessary changes within to achieve business, quality, and performance
goals, or they can be perpetually reacting to the pressures around them
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without really knowing the best action to take. Analytics is one of the fun-
damental tools that enable HCOs to achieve change.

Most of this book has focused on very tangible, quantifiable things
such as data, how to manipulate data, how to demonstrate a change in
performance using data, and how to turn data into information and insight
that is useful to healthcare leaders and QI teams. But many HCOs have
terabytes or more of data and multiple dashboards, and are making deci-
sions, but do not seem to be achieving their performance and quality
goals. Having data and dashboards alone aren’t sufficient for becoming an
analytical organization and achieving excellence in healthcare quality and
performance. To become an analytical HCO requires:

= Strategy

= Leadership and commitment
= Focus

= Agility

= Teamwork

Strategy

As discussed at length in Chapter 3, the purpose of the analytics strategy is
to guide the HCO’s ability to rapidly respond to the information needs of
key decision makers while maintaining a consistent direction in supporting
the quality and business goals of the HCO. A solid analytics strategy will
help enable the analytics team to become a strategic information resource
for business improvement and not simply a purveyor of reports and data.

An analytics strategy is the starting point to help organizations achieve
maximum benefit from analytics. A completed strategy will help an orga-
nization identify what it does well, what it needs to do better, where it can
consolidate, and where it needs to invest. The analytics strategy should not
be set in stone either; it needs to evolve as the analytics needs of the orga-
nization and its stakeholders evolve, as technology becomes better and/
or less expensive, and as the state of the art in analytics itself changes. An
organization should not be afraid to revisit the strategy frequently to ensure
that it is up to date and that the execution of the strategy is successfully
meeting all stated requirements.

Leadership and Commitment

Leadership is often the deciding factor in an analytical organization; it is,
after all, the leaders within an HCO who “have a strong influence on culture
and can mobilize people, money, and time to help push for more analytical
decision making.”? Although pursuing healthcare improvement through the
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use of QI initiatives coupled with information and insight generated from
analytics seems like it would be a “slam dunk,” HCOs are often resistant to
that kind of change. It then takes strong leadership within the HCO to begin
or continue down that road and to overcome resistance.

Key analytics-related responsibilities of leaders within the HCO are to:

= Keep the HCO focused on strategic goals and objectives. It is a
primary job of leaders within the HCO to ensure that all QI activities
align with the strategic goals of the organization, and that analytics
is in alignment with those goals. Leaders also need to know when it
is necessary to deviate from those stated strategic goals when unex-
pected, pressing issues arise. When those issues are resolved, it falls on
leadership to reorient any efforts that may have been diverted back to
working on strategic goals. This is where the value of quality and ana-
lytics strategies demonstrates its worth.

= Promote and champion use of analytics throughout the HCO.
Support decision making using analytics. Support the deployment and
use of analytics tools. Recognize and support the need for enterprise
data structures to enhance analytics.

= Enforce data governance policies and procedures. Data manage-
ment, regardless of the scope and scale of the data being managed, can-
not be placed on autopilot. Accurate analytics requires that all aspects
of data (including the process definitions from which data is derived)
are constantly and consistently managed. Not all leaders will be part
of governance efforts, but all should recognize and value the need for
strong data governance in ensuring that high-quality data is available
for reporting and analytics, and that accurate results and meaningful
insights depend on having high-quality data. Effective leaders will also
recognize the need for agility, and will not enforce any more layers of
approval than absolutely necessary to ensure the quality of data.

= Encourage, enable, and reward innovation and experimenta-
tion. At the heart of healthcare improvement lies innovation. Inno-
vation involves finding newer (and presumably better) solutions to
existing problems. For example, changing processes and adding com-
munications technology that result in decreased turnaround time for
hospital inpatient beds would be an innovation. Applying analytics to
solve pressing QI problems within an HCO is also innovative. HCOs
that achieve their quality and performance goals usually have well-
established cultures of innovation, where it is permitted and even
expected that healthcare staff seek out innovative ways to improve
pressing quality and performance issues. (Of course, these innovations
are always being evaluated to ensure they are having the desired effect
on processes and outcomes.)
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= Provide analytics teams required training and tools. Leaders must
ensure that analytics teams have the proper tools and training to per-
form their work effectively, and must do their best to protect the time of
analytical teams to focus on work that is aligned with the strategic focus
and needs of the HCO.

Focus

Commitment and leadership are both necessary to enable analytics teams
to focus on building what is important to the organization and necessary for
achieving the organization’s quality and performance goals. I like to classify
the type of work that analytics teams do into three categories:

1. Strategic. Development and analysis activities that build analytics into
a strategic resource for the HCO.

2. Tactical. Activities that are in support of a specific quality or perfor-
mance improvement project.

3. Reactionary. Work that is done as a result of someone’s “data emer-
gency.”

Strategic activities are vitally important to the HCO, as these help to
build a sustainable analytics infrastructure. Examples of sustainable ana-
lytics infrastructure include organized and intuitive analytics portals that
enable self-serve access to information and insight when people require
it. Overall, strategic activities are those that create a sustainable, accessible
information resource that helps to identify and direct action toward organi-
zational information needs.

Tactical activities, on the other hand, are those that are in support of
actual QI initiatives. These typically involve preparing baseline data, devel-
oping project-specific dashboards, and evaluating process outcomes in
detail. Tactical-type activities are an extension of the strategic activities,
except they are directed at providing the information and insight that indi-
vidual QI teams require.

Finally, reactionary activities are those in response to an urgent request.
These types of requests can be very distracting to a team, depending on the
scope of work required and how quickly it is required. These activities may
be related to simple data requests, or required because of a critical incident
or similar circumstance within the HCO.

It is my observation that many of the strategic-level activities that
should be a priority for an analytics team get sidelined for reactionary activi-
ties, which is ironic, given that many strategic-level activities can actually
improve the tools and systems available to enable designated individuals to
access the information they require. One of the critical roles that leadership
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H1N1 SURVEILLANCE: REACTIONARY, BUT NECESSARY

Some of the “reactionary” urgent requests are vital to the organiza-
tion. For example, during the HIN1 outbreak of 2009, we were tasked
with developing a surveillance report to monitor the presentations of
influenza-like illness (ILD) to emergency departments. Not only was
the surveillance report useful for contingency planning to deal with a
potential major outbreak of H1N1-related ILI, but it provided valuable
information to the government, the media, and, by extension, mem-
bers of the public.

and commitment play, then, is allowing analytics teams to focus on strategic
objectives that will both reduce the number of reactionary-type activities
and enable analytics teams to participate more often on quality and perfor-
mance improvement projects.

Agility
Analytics professionals are very highly skilled, solution-oriented, and moti-

vated individuals coming from a variety of backgrounds, including com-
puter science, engineering, statistics, and epidemiology (to add my own

LESSONS LEARNED: THE IMPORTANCE OF STRATEGIC GOALS

In the early days of our analytics portal, it was somewhat bloated be-
cause of development and expansion through report aggregation. As
the HCO was better able to define its own quality and performance
targets and to articulate its strategic priorities, we were able to focus
our efforts around these targets and priorities. Some of the noticeable
changes that occurred as a result of this strategic focus were that re-
ports and dashboards featured actual performance indicators and tar-
gets, not simply counts and averages, and users of the analytics were
able to identify which strategic priorities were and were not meeting
expected targets. This in turn enabled decision makers to take appro-
priate action. As the usefulness of the analytics tools we developed
increased, the number of information requests declined, allowing the
team to dedicate even more time and effort to improving the usability
of the analytics tools and consolidate the large body of reports into
fewer but more intelligent data tools.
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educational background!). The effective development, implementation, and
use of analytics can be resource-intensive, involving an in-demand small
group of individuals, specialized tools, and unique knowledge and skill sets.

The need for and perceived value of analytics within HCOs is increas-
ing, and there are many different projects that compete for the same analyt-
ics skills and resources. Regardless of the size of the “analytics shop” within
an HCO, whether it’s a handful of analysts within a department or program
or a large team within a business intelligence competency center, it will
not take them very long to get bogged down in the minutiae of day-to-day
data, report, information, and application requests. Within operations of a
healthcare environment, it’s the biggest fires, the loudest voice, or the pro-
verbial squeaky wheel that gets the attention of resources. Unfortunately,
the squeaky wheels are not necessarily the priorities that are truly important
to the organization as a whole, QI in particular, or even the analytical teams
themselves.

The challenge, then, is how to exactly determine what is important
and should be getting the attention of the analytics team. It may be tough
for analytics teams to know if they have the right tools and resources to do
the jobs asked of them, and it is difficult to know what jobs to do from the
realm of competing priorities. This is where an analytics strategy is neces-
sary. The analytics strategy is essential for helping to sort and prioritize
incoming requests for information.

Healthcare QI needs to be agile—that is, it must be able to respond
to issues and requests as they arise. QI projects are no longer years-long
efforts; time frames to achieve expected results are now measured in days
and weeks. The development of analytics to address quality issues cannot
become a barrier to the rapid initiation of QI projects. That is why analyt-
ics teams must understand the needs of QI teams (and in fact should work
side by side).

Analytics teams must know how to take raw data and present it in a
form that is quickly usable by the QI teams, and QI teams must know how
to ask for information in ways that the analytics teams can respond to. It
doesn’t matter which types of frameworks are guiding QI efforts—Lean, Six
Sigma, and others require the analytics teams and QI teams to be on the
same page to bring usable analytics to the front lines.

It is unlikely that an HCO will be starting from scratch—that there are
no existing QI teams and projects, and no business intelligence, analytics,
or report-development resources. What is likely, however, is that the QI
and analytics teams do not work closely together. In most organizations, QI
teams must follow “report request” (or similarly outmoded) processes just to
submit a request for a report, dashboard, or other information. QI initiatives
can be highly energizing and exciting events, especially when participating
in rapid improvement events or other similar activities. Nothing stifles this
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excitement, or otherwise inhibits innovation, more than not having the right
information to make decisions or to intelligently identify issues. Even worse
is when team members must go through obtuse data request procedures
simply to obtain data.

When process changes are being made and evaluated in a span of
hours or a few days, waiting weeks for data and other analytics is simply
unacceptable. This is why I strongly advocate for analytics team members
to be part of QI initiatives, or at least for there to be very strong connec-
tions between the QI and analytics teams. QI teams must know whom to
talk to for the data, information, and analysis that they need. In return, the
analytics team must be both aware that such improvement initiatives are
happening and prepared to provide as rapid turnaround as possible. This
is where a well-defined quality strategy and strong executive support for
analytics is necessary, to establish and support these tight connections so
that the analytics required for QI projects is available when required, and
not only at the convenience of the analytics team. The need for this agility
is why analytics teams cannot be encumbered with numerous data requests
that detract from their ability to respond to initiatives of strategic and tacti-
cal importance.

Building Effective Analytical Teams

Throughout my career, I have seen many different types of people, with
many different backgrounds, excel in healthcare analytics. I believe that it
is the strong diversity of backgrounds and skills that analytics professionals
possess that makes analytics indispensable for healthcare quality and per-
formance improvement initiatives.

There are an abundance of opinions highlighting various qualities and
attributes of data scientists, business intelligence professionals, and analysts.
Much of the discussion, however, has centered around the math, data, or
technology skills of analytics professionals. Because my focus is on the
application of analytics for quality and performance improvement, the qual-
ities I view as ideal for analytics professionals involved in these activities
typically are situated within the intersection of IT, the business, and the QI
activities of the HCO.

With this in mind, several of the traits I view as important for healthcare
analytics professionals are as follows:

= Natural curiosity. As more healthcare data becomes available via the
proliferation of electronic health records, there is much to be learned
about the data available and in turn much to be learned from what
the data tells us. Healthcare analytics professionals should be naturally
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curious and revel in asking “what” and “why,” realizing that these ques-
tions do not expose ignorance but are truly the only way to gain full
understanding of a problem.

= Innovative mind-set. Healthcare quality and performance improve-
ment initiatives require a great deal of innovation to identify more
efficient and effective workflows and processes. To help achieve the
required levels of innovation, healthcare analytics professionals must
see analytics not as “report development,” but as a way to building
the “information tools” necessary to solve pressing healthcare issues.
They are willing, able, and excited to leverage all the technology and
information available to maximum extent (whether it’s experimenting
and adopting new visualizations or trying novel analytical approach-
es). They strive for effective yet creative solutions that provide efficient
access to the right information to the right people when it is needed.

= Business focus. Improving healthcare quality and performance
requires a strong and thorough understanding of processes and work-
flows. Analytics to support QI initiatives must align with and provide
insight into the business of providing care. This is why healthcare ana-
lytics professionals must focus on the business, striving to know the
pertinent details of the healthcare domains in which they work. After
all, it is these details of the business that add the necessary context to
data that helps it become “information” and “insight.”

= Technological savvy. In many ways, analytics operates at the heart
of healthcare information technology, given that analytical solutions
typically integrate data from multiple data sources (such as clinical and
financial systems). Many systems and steps are involved in getting data
from source systems into a location and format available for effective
analysis. Having said that, however, experienced healthcare analytics
professionals don’t need to be tech jockeys (that is, they don’t need to
be hardcore programmers or serious database administrators). But they
should be comfortable and proficient with the current and emerging
technologies, such as business intelligence platforms and data cleaning,
analysis, and visualization tools. This means being comfortable in using
more than just a spreadsheet.

= Team player. Effective healthcare analytics projects depend upon
having effective analytics teams. This means working well with other
members of healthcare analytics and QI teams, all while respecting the
differing points of view that professionals in other disciplines (such
as nurses, physicians, and laboratory technologists) bring to the discus-
sion. It also means communicating well; healthcare analytics profes-
sionals must both listen to and understand what others are saying, and
articulately convey their own opinions and knowledge to others who
may not be analytics experts.
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Healthcare QI is now a multidisciplinary effort, involving a range of
experts including clinical, administrative, technology, and process engineer-
ing professionals. Due to the different roles and teams in which healthcare
analytics professionals may find themselves, a strong mix of technical, inter-
personal, and analytical skills is essential to successfully operate in today’s
challenging healthcare environment.

Integrating Quality and Analytics Teams

I have personally seen the effects when analytics considerations are
brought onto a project too late. Invariably, in these circumstances, the
QI teams are not using all the possible information at their disposal,
don’t know whom to ask for the right information, and may not have
even analyzed appropriately the data that they do have. Starting out a
brand-new QI initiative without having the proper information can lead
to a lot of thrashing around, indecision, and rework. Before starting any
QI initiative, it is vital that the QI teams work closely with the analyt-
ics team to fully assess their analytics and information requirements
so that all necessary information is at their disposal and there are no
surprises later on in the project. Strong partnerships between all stake-
holders in QI initiatives can help prevent statements like, “T didn’t know
that data was available,” “T didn’t know where to get that data,” and “I
don’t know what information we need,” and instead help focus all team
members from all disciplines on wusing the information and insight avail-
able through analytics to improve healthcare.

Summary

Every HCO is unique and faces different challenges based on factors rang-
ing from its patient population and their healthcare requirements to funding
limitations, legislation pressures, and the makeup of clinical and administra-
tive staff. Healthcare quality and performance improvement requires a wide
range of changes, from reducing and eliminating waste and inefficiencies
to analyzing processes in detail and engineering new solutions to improve
patient outcomes. HCOs may begin with solving issues related to poor flow
and advance to more complex patient safety and clinical outcomes issues.
HCOs that achieve their goals do so by allowing their staff to try out
new and innovative ideas, to evaluate those ideas within mini-experiments,
and to implement and deploy those innovations that are demonstrated to
improve the way healthcare is delivered and HCOs are managed. Those
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same organizations utilize and rely on two of their most strategic assets—
their healthcare data and the people who create insights from that data—
to provide evidence-based guidance for individual improvement initiatives
from inception to completion. This is the way to healthcare transformation.

Yes, healthcare QI initiatives can exist and be successful without the
benefit of analytics. But analytics makes those projects much more effi-
cient and effective. Likewise, analytics does not need to be integrated
into structured QI methodologies to have a dramatic impact on opera-
tional and clinical decision making. But organizations that are striving to
improve healthcare to achieve improved outcomes are more likely to suc-
ceed once their QI initiatives are fully able to leverage analytics assets and
capabilities. The powerful insights possible with analytics combined with a
structured approach to identifying, implementing, and evaluating improve-
ment opportunities can greatly improve the likelihood that QI activities can
achieve changes that matter and outcomes that last.

Notes

1. John Boyer et al., Business Intelligence Strategy: A Practical Guide for Achieving
BI Excellence (Ketchum, ID: MC Press, 2010), 7.

2. Thomas H. Davenport, Jeanne G. Harris, and Robert Morison, Analytics at Work:
Smarter Decisions, Belter Results (Boston: Harvard Business School Publishing,
2010), 57.
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About the Companion Web Site

Healthcare analytics is a very rapidly evolving field. State-of-the-art informa-
tion published today is likely to be out of date and obsolete tomorrow. This
book’s companion web site, http://HealthcareAnalyticsBook.com, picks
up where the book leaves off. In addition to downloadable forms, templates,
and other documents that you can use within your own analytics practice,
the site also contains links to resources, references, and other informa-
tion related to the field of healthcare analytics. If you sign up for e-mail
updates, you will receive a notice whenever the resource list is updated and
when new downloadable material is made available. It is my commitment to
you, the reader, to keep the web site updated with new material whenever
advances in the field are made, so please sign up for e-mail updates and
visit the site often for all the latest supplemental material available.
The password to the web site is analyticsbook.
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