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Chapter 6
Data Analytics for the Improvement
of Healthcare Quality

Charles G. Macias and Kathleen E. Carberry

Executive Summary

Today’s healthcare environment demands an expanded scope and sophistication of
data collection from a variety of electronic health records to mobile and wearable
devices. But there remains an untapped potential to maximize existing analytics
systems to measure and improve healthcare quality at the individual and the popula-
tion level. Organizations must support cross-functional teams comprised of clinical,
operational, and financial expertise with a data governance structure to support their
functions. This demands more than strategy; it requires a cultural change. This
transformation demands that macro system strategy and micro system implementa-
tion accept data and analytics as a tool for learning rather than a tool for punitive
reform. We present several cases illustrating how data can be harnessed to improve
healthcare quality: this includes the development of clinical decision support tools
to improve sepsis outcomes and the use of registries to benchmark outcomes across
institutions. We also explain how the timely delivery of high-quality data can be
streamlined to enable clinicians to drive improvement. The challenges of measuring
healthcare value with the current information systems in healthcare are also
described.
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Learning Objectives

Upon completion of this chapter, readers should be able to

e Describe the current landscape of data analytics in healthcare

* Discuss the differences between the stages of analytic maturity

* Discuss the key strategic elements needed to advance analytics in healthcare

* Discuss how advanced analytics can be applied to clinical and population health
settings as well as the measurement of healthcare value

e Describe the difference between accuracy and precision of data

Current Analytics Landscape in Healthcare

Strategies for measurement, including the collection and utilization of healthcare
data, vary widely. Ideally, technology can enable improvement work by creating
timely access to, and the transformation of, data. Unfortunately, fragmented and
proprietary data collection mechanisms and policies that limit data sharing create
barriers to the effective use of technology in healthcare. Fragmentation in data exists
both at the patient level and at the system level. Electronic health records (EHRs)
are linked to the site of care such that one patient can have numerous elements of
healthcare data related to their own health across several prehospital systems, hos-
pitals, practitioners, and alternative care delivery venues. Efforts to bridge some of
these practice silos have included the use of administrative data sets, particularly,
billing and claims data; however, medical claims and billing information offer lim-
ited utility in the construction of robust clinical data models and decision support
tools [1].

To accelerate the adoption of technology as a tool to drive healthcare improve-
ment and stimulate the facile use of healthcare data, the federal government
invested billions of dollars to fuel the implementation of EHRs (e.g., the American
Recovery and Reinvestment Act of 2009) [2]. Unfortunately, despite a 2005 Rand
report forecasting an $80 billion dollar savings in healthcare expenditures annu-
ally from the adoption of health information technology (HIT), costs have contin-
ued to grow. Failures of such initiatives have been attributed to a number of factors
including sluggish adoption of HIT systems, poor interoperability of systems with
limited ease of use, and a failure of providers and infrastructures to reengineer
their care processes to reap the full benefit of HIT [3]. Some systems have man-
aged to integrate data across their systems to drive improvement work (e.g.,
Kaiser Permanente); however, this has been accomplished by functioning as both
the provider and payer, which is not possible in many other health system
arrangements.
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Advancing Data Analytics Maturity

Health informatics is “the interdisciplinary study of the design, development, adop-
tion and application of IT-based innovations in healthcare services delivery, man-
agement, and planning.” [4] Healthcare systems benefit when health informatics is
applied and data is converted to useable information with timely delivery. This
transformation requires technology and expertise as well as a strategy to coalesce
both toward the aim of improving patient outcomes.

In the world of informatics, data use increases in sophistication from simple data
gathering and reporting, as can be done from a patient EHR report at the bedside, to
aggregating and analyzing data in populations for themes (data analytics), predict-
ing events or patients at risk (predictive analytics), or linking health observation
with health knowledge to influence clinical decisions (prescriptive analytics or clin-
ical decision support). Incorporating clinical decision support capabilities into prac-
tice can improve workflow through ease of documentation, provide alert information
at the point of care, and improve the cognitive understanding of the clinician [5, 6].
An organization’s move toward leveraging technology and analytics to improve out-
comes moves along a continuum of maturity. Typically, organizations begin with
using static data in the form of reports and then move toward using simple analytic
tools to manipulate data to gain insights (data analytics stage). Then, more advanced
statistical algorithms are applied to data that allow organizations to predict out-
comes and apply early interventions (predictive and prescriptive analytic stages)
[7-9]. These stages of analytic maturity are illustrated in Fig. 6.1. The speed at
which organizations move through the stages can vary, and often, in any given orga-
nization, there may be pockets of advanced maturity while the organization as a
whole is less developed.

A multipronged approach must be in place to achieve value from advancing ana-
Iytics. The first prong is having the right expertise such as informaticists and data
analysts and tightly coupling the two so as to design efficient and defined data ana-
Iytic tools as part of technology implementation. The second prong is to create
strategies to manage significant organizational change that comes with increasing
technological capability and desire for data. The third prong is an effective approach
to data governance.

An institution or practice’s hardware and software and data management pro-
cesses are critical to its capability of advancing along the continuum from data
reporting to prescriptive analytics. Many EHRs are developing analytics platforms
that embed some of these capabilities into their existing workflows; however, robust
analytics must still overcome gaps in delivering transformed data to the provider.
EHRs and other information systems are costly to implement and maintain.
Furthermore, beyond the hardware and software to collect the data, there is a
requirement for human investment. Data within the most spectacular system is
worthless if not interpreted and applied appropriately. Thus, the evolution of infor-
matics from data reporting to sophisticated analytics requires collaborative teams to
drive improvement strategies. Our experience suggests that optimal team members
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Fig. 6.1 The stages of analytic maturity in the healthcare enterprise can be illustrated on a growth
continuum. Reprinted from Clinical Pediatric Emergency Medicine, 18(2), C.G. Macias,
J.N. Loveless, et al., “Delivering Value Through Evidence-based Practice”, p. 95, Copyright 2017,
with permission from Elsevier

include experts in evidence-based medicine, EHR and clinical data specialists, and
data architects in addition to outcomes analysts, healthcare providers, and opera-
tional leaders. The size and level of expertise of such a team depend on the problem
to be addressed, but all domains are necessary. Redesigning workflow is critical to
maximize the investment in HIT, analytics, and decision support. This requires a
cultural change driven by leadership understanding and participating in the transfor-
mation of healthcare that analytics can drive [5].

With the widespread use of EHRs in today’s healthcare environment, data is
expected at the bedside when technology provides it for a single patient. However,
the vast growth of available data has given rise to the concept of big data. Big data
represent large volumes of high-velocity, complex data that require advanced tech-
niques and technologies to capture, store, distribute, manage, and analyze them
[10]. The benefit of analyzing such data is not limited to the operational needs of
healthcare systems. Outputs of analytics can be delivered to the bedside through
visualization tools, thus benefitting prehospital providers, single-physician offices,
hospitals, and hospital networks [10, 11].
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As healthcare systems respond to the availability of massive amounts of data and
progress through the stages of analytic maturity, the culture of an organization must
embrace the value of data to drive improved outcomes of care. Overcoming a cul-
tural resistance to the uses and truth of data is critical and requires a nonpunitive
environment for demonstrating successes and failures based upon data and the ana-
lytics. Don Berwick has described the journey of data acceptance in four stages [12]:

Stage One: “The data are wrong.”

Questions about adjustments, hidden variables, sampling, poor input informa-
tion, and other weaknesses in the validity and reliability of the transformed data will
exist. Thus, there is a tendency to default to a belief that the data do not reflect real-
ity. However, while no data set is ever perfect, in general, most are good enough to
act upon.

Stage Two: “The data are right, but it’s not a problem.”

While people and teams may believe in the integrity of the data, they will point
to natural variation as the cause and the justification for inaction. There is an accep-
tance that the status quo is sufficient.

Stage Three: “The data are right; it’s a problem, but it’s not my problem.”

At this stage, stakeholders recognize there is a problem but are not engaged in
driving a solution, expecting that others or the system are responsible for tak-
ing action.

Stage Four: “The data are right; it’s a problem, and it’s my problem.”

All levels of acceptance of the validity of the data, the importance of the prob-
lem, and the personal or team responsibility for correcting the problem are achieved
at this level. This is the stage where stakeholders engage in action as the problem is
my burden.

Once the relationship to data transparency, accountability, and action is firmly
established, the work of engaging in a culture focused on quality improvement (QI)
can be accelerated. However, an understanding that data delivery is not the same as
analytics takes cultural change. It shifts stakeholders from a paradigm of asking for
the solution (a data report) to asking the question of what problem are we trying to
solve in order to develop the needed analytics. Criteria have been developed to eval-
uate such a change in a health system’s analytic culture. Most criteria take into
account characteristics as defined within six domains:

* Data sources: Scope and number of data sources feeding into an organization’s
analytics.

* Data quality: Minimal to consistent accuracy and integrity of data.

* Data currency: Timeliness of data and frequency of its use.

* Analytic features: Sophistication of data from reporting to predictive modeling
and workflow integration.
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e User profiles: Nature and breadth of users from analysts to multiple skilled
everyday users.

* Adoption profiles: Organizational sophistication from report users to a perfor-
mance management culture [13].

In addition to the expertise and culture change required to advance a health sys-
tem toward analytic maturity, a nimble and effective data governance strategy must
be applied. Data governance is the foundation for any health system that strives to
use data to improve care. It is critical to assuring the effective uses of data within an
organization and between partner entities. At its most foundational, data governance
ensures that data is of the highest quality and easily accessible. In its more advanced
applications, it ensures that there is a strategy behind increasing data content for
use. Data governance allows organizations to implement best practices, pool analyt-
ics, standardize metrics, provide clinical decision support, and optimize the EHR
and data warehousing. Data governance must be iterative to accommodate new evi-
dence discovery, growing amounts of data, evolving personal technologies, and a
shifting payment landscape [14].

Ownership and privacy of healthcare data create additional hurdles to the sharing
of data for quality improvement purposes. Most organizations are comfortable with
the uses of their own data for quality improvement when all sources remain internal.
However, the use of data across multiple entities (health plan, hospital, clinic, and
primary care physician office) can create legal challenges to utilizing data for
improvement purposes and add delays to achieving the optimal integration of sys-
tems. Collaboration with legal counsel is critical to ensuring that standards are in
place to protect the privacy of data while allowing robust usage within the health-
care system.

Data Analytics to Support Population Health Strategies

Strategies that drive sophistication in analytics allow an organization to engage in
accelerated practices to improve care across the health spectrum. In an era of evolv-
ing healthcare reform (payment reform and delivery system reform) population
health has become critical, and big data and data analytics are essential to engaging
in and measuring effective care delivery [15]. Population health is a term that
reflects the health of patients across continuums of care with a goal of improving
health outcomes. Delivering improved outcomes for populations of patients requires
partnerships with disciplines outside of traditional care delivery teams, including
professionals in public health, advocacy, policy, and research. The focus of popula-
tion health improvement activities may span geography (e.g., a region), a condition
(e.g., children with a chronic condition such as asthma), a payer (e.g., patients in an
accountable care organization or within a health plan), or any characteristic that
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would link accountability for outcomes for that group of patients. Population man-
agement is a concept in which a common condition or other linking element may
drive the practitioner to create and implement prevention or care strategies and pro-
mote health for groups of patients [15].

As achieving improved health outcomes extends beyond the simple delivery of
healthcare to ameliorate an acute illness or injury, the definition of population health
expands to become the art and science of preventing disease, prolonging life, and
promoting health through recognized efforts and informed choices of society, orga-
nizations, public and private communities, and individuals. Engaging in population
health means expanding the reach (and the obligation) of the clinician from bedside
care alone to a goal of assuring the health of the patient, including helping the
patient and family overcome barriers to accessing and coordinating care [15].

In order to improve outcomes of care, the clinician and system must identify and
mitigate the effects of social determinants of health and engage the patient and fam-
ily in their own health management and disease and injury prevention. Social deter-
minants of health may include education level, economic stability, social and
community contexts, neighborhood and physical environments, and other such fac-
tors that are not within the locus of control of the clinician unless actively attempt-
ing to work in concert with other aspects of the healthcare system. As examples,
childhood obesity, asthma, and dental caries are not only prevalent in children in the
United States child population but have a reciprocal interaction with family dys-
function and school stress, necessitating that a provider addresses these social deter-
minants in order to achieve improved outcomes of care [15].

Data analytics are necessary to quantify demographic information for popula-
tions and understand opportunities for improvements and demand robust analytics
to create attribution models for understanding the potential areas in which quality
improvement interventions may have potential impact. Bedside data reporting and
simple EHR reports are insufficient to drive quality improvement across entire pop-
ulations [14].

As payers and governments move toward value-based payment models (models
that reward high-quality outcomes rather than provide fee-for-service), providers
and healthcare systems are faced with external pressures to engage in population
management to meet the demands of payers. The impact to the provider may be
thought of in four domains of healthcare transformation within population health:
business models (facilities and services as an infrastructure for a system), clinical
integration (provision of care across a continuum), technology (EHRs and the sys-
tems of hardware and analytics that support care delivery), and payment models
(innovative payment models that reward good outcomes or penalize poor outcomes).
All of these components require data to identify opportunities for improvement and
assess the impact of interventions [15].

Achievement of improvement in quality and satisfaction and reducing per capita
costs through population health inherently require a measurement system capable of
rapidly collecting and managing the storage and transformation of data analytics to
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drive advances in population health management. For example, sophisticated data
analytics would allow users to derive prediction models to understand and subse-
quently intervene in population health issues such as readmission rates for children
with diabetes through dietary counseling or home visits. Data in that setting can be
utilized to understand the nuances in the population to effectively and efficiently
deliver the right care to the right patient at the right time to optimize patient
outcomes.

Use Cases for Data Analytics in Quality Improvement

Case Study * * »
Using Advanced Data Analytics to Improve the Outcomes of Patients
with Sepsis

Sepsis is a potentially life-threatening complication of an infection in the
blood and occurs when chemicals released into the bloodstream to fight the
infection trigger an inflammatory response throughout the body. Worldwide,
pediatric sepsis, or septic shock, is a leading cause of death in children. Some
best practices have been identified to provide more timely recognition and
management of sepsis. This includes timeliness of intravenous fluid resuscita-
tion and antibiotics [16].

In our experience, initial efforts at improving processes were initially
unsuccessful when data systems—which at the time were in disparate elec-
tronic systems and databases housed in the emergency department (ED), the
pediatric intensive care unit (PICU), the EHR, and in billing and coding
data—were utilized to retrieve valuable information on processes and out-
comes. Piecemeal data was challenging to link, and without outcomes data
(mortality rates clearly attributable to septic shock), clinicians were not con-
vinced that there was a significant problem to be solved. Eventually, these
disparate data sources had to be manually linked to pull data that was reliable
and valid. Once the integrity of the data could be assured, clinicians and
administrators engaged in improvement efforts. Our mortality rates for cases
of septic shock mirrored what has emerged as national rates (about 3%—12%)
depending on the unit and underlying condition of the patient.

Once the analytics could produce visualizations of the scope of the prob-
lem, ED and PICU members united to create a quality improvement team that
was focused on rapid cycle process improvement to drive quicker recognition
(diagnosis) and more timely and efficient management with fluids, antibiot-
ics, and when necessary, vasoactive drug therapies. Utilizing risk stratification
approaches, the team identified a number of comorbidities and vital sign
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abnormalities that could define patients with lower and higher levels of risk.
A predictive model to identify those patients at high risk for septic shock was
created within a computerized triage system alarm (a form of clinical decision
support). System changes were enacted that would allow recruitment of addi-
tional nursing, respiratory therapy, and pharmacy personnel and physician
clinicians when a patient was identified by the trigger tool (see Fig. 6.2). The
tool is the third iteration of a best practice alert generated from predictive
analytics data utilizing 4 years of data on patients evaluated for sepsis or
potential sepsis [17].

Fluids were administered via syringe (rather than pump) to improve time
to fluid bolus. Standardized laboratory studies and antibiotics were prioritized
within an evidence-based guideline to reduce unwanted variation in care.
Frequent measurement and interventions were documented in a standardized
graphical flowsheet to facilitate interpretation of physiologic responses to
therapy (see Fig. 6.3). When compared to process measures before the inter-
vention, time from triage to first bolus decreased, as did time to third bolus

and time to first antibiotics.

BestPractice Advisory  Woman,Wonder

1 Sopsis BPA

Attention!

+ Based on t criteria patient qualifies for Shock Protocol.

+ If you ACCEPT, call Charge nurse, place in resuscitation room, notify bedside
nurse and Fellow or Attending.

= If you Reassess with New Vitals, place patient in waiting room and reassess the patient with new vitals
in 1 hour

This patient has the g ted risk

Risk Assessment:
History of fever (including tactile) in the last 4 hours?: History of fever (including tactile) in the last 4 hours

Underlying High Risk Condition: Bone marrow transplant
Skin characteristics: Pale
Cap Refill: Flash (< 1 Sec)
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Pulse: 161

Resp 24

Temp: 101.1 °F {38.4 °C)
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@ Acknowledge Reason
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Fig. 6.2 Clinical decision tool alert identifying a patient at high risk for septic shock. Used
with permission from Andrea T. Cruz, MD, Texas Children’s Hospital
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Fig. 6.3 Statistical process control charts of (a) time to first bolus for children identified at
triage, (b) time to third bolus for children identified at triage, and (c) time to first antibiotic for
children identified at triage. From A.T. Cruz, A.M. Perry, et al. “Implementation of goal-
directed therapy for children with suspected sepsis in the emergency department.” Reproduced
with permission from Pediatrics, Vol. 127(3), pages €758-66, Copyright 2011 by the AAP
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Delivering Data for Local Quality Improvement Activities

One of the biggest barriers to clinicians and healthcare administrators engaging in
quality improvement work is having access to high-quality data. High-quality data
is defined not only as valid and reliable data but timely data as well. With the imple-
mentation of EHRs and data warehousing, unprecedented amounts of data are avail-
able in modern healthcare systems. However, the ability to readily access these data
presents another challenge. Several dependencies must be met before high-quality
data is made available. Data have to be complete, which means that the source sys-
tems must capture the data requested. Data need to be valid, which involves the
cataloging of data fields and tables in such a manner that a source of truth can be
identified for the various data types, and those delivering the data must have knowl-
edge of the valid data fields and tables. Finally, the process of delivering data in a
timely manner requires the development of an intuitive and nimble process for
requestors as well as clearly delineated expectations of those completing the
requests. The process must also take into account compliance and legal require-
ments as well as meeting best practices for cybersecurity. All of these dependencies
should be considered in the context of a data maturation process to inform data
governance strategies and help manage the expectations of data requestors. In other
words, not every data point requested will be available initially. Expanding data
content and assuring data validity occurs over time. Having high-quality data
requires an institutional investment in resources as well as an institutional commit-
ment to the development of an evolving data governance strategy [18].

In our experience, the initial installation of an enterprise data warehouse (EDW)
included finding and accessing core data content from our clinical, financial, human
resource, and patient satisfaction source systems. It also included an initial attempt
at cataloging the content made available in the EDW. Having addressed two of the
three dependencies to producing high-quality data, the next step was to improve the
final dependency—timeliness of delivery. To address this, we developed a standard-
ized data request process for the workforce. The previous request process was cum-
bersome and often resulted in a request that would seem to get lost in a black hole
with the information services team.

The solution was to streamline the request process by asking fewer and more
relevant questions initially, providing transparency to the approval steps required
prior to delivering data, and ultimately linking these steps to the organization-wide
ticketing system which is necessary for tracking and following-up on requests.
Another key improvement to our process was the creation of a triage team to review
incoming requests and assign them appropriately, while accounting for prior subject
matter knowledge or knowledge of existing data repositories that can be used to
fulfill requests. In addition to members from the information services team, the tri-
age team includes members from the quality and finance teams to help review
requests and provide additional subject matter expertise. This allowed a deeper
understanding of the problem being solved and a better solution than the data report
which the requestor, who may not have an in depth understanding of data, sought.
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A critical and necessary step that was added to our new data request process was
a data training module. This training is mandatory and required as part of the
approval process before a data request can be completed. This also represented the
first step in a system-wide approach to improving data literacy, which is a growing
responsibility of any organization providing data to its workforce. Although it is not
new for a healthcare organization to be communicating about protecting privacy and
following regulations that govern patient information, providing this information
within the data request workflow provides context to the regulations and also creates
a more direct connection point between the requestors and their responsibilities
with data once it is delivered. The entire process was codified in our policy and
procedure manual.

Measuring Healthcare Value

With the shift in healthcare payment models from fee-for-service to value-based
payment (lower costs for better outcomes), there is an increasing need to measure
both outcomes and costs with a more holistic view that encompasses the perspec-
tives of the provider (both institutional and physician), payer, and ultimately the
patient. With the exception of a few health systems, historically, quality improve-
ment strategies primarily focused on measuring improved clinical processes and
outcomes at the provider level—either institutional (e.g., hospital or clinic) or sole
practitioner. Over time, it has become increasingly evident that measuring the finan-
cial impact of improvement activities is important and necessary to demonstrate
positive contributions to the operating margin that quality improvement can make.
Measuring value requires the ability to measure the outcomes of healthcare delivery,
the costs of delivering that care, and the impact to the payer and patient. This
requires increasing knowledge of the measurement and data systems for all parties
tied to the value equation.

When attempting to measure value, a critical issue to address is the legal aspect
of sharing data between payers and providers. This hurdle can be overcome with
one-time data use agreements or more comprehensive legal arrangements like the
organized healthcare arrangement described under rules that allow for the seamless
exchange of data across different entities within the same health system for either
operational or quality improvement purposes.

Our organization recently embarked on a 12-month value-based payment pilot
between our hospital, a physician services organization, and a health plan (insur-
ance company) to understand and learn the nuances of value-based payment con-
tracts. The health plan was the administrator of the program. The goal of the program
was to achieve value for health plan members diagnosed with appendicitis who had
an appendectomy. Quality metrics and financial targets were agreed upon at the
outset of the program. A patient experience component was also added in the form
of a measurement-only goal to understand the feasibility of using the existing
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patient satisfaction metrics in a value-based payment program. The quality and
financial targets were derived from studying a comprehensive data set created by
joining data from the health plan and the hospital. Ultimately, pace toward the qual-
ity and financial goals was measured using the health plan claims data, and not the
clinical data. Another distinguishing feature of the program was the definition of the
appendectomy episode. The appendectomy care cycle started 7 days before diagno-
sis and ended 30 days after the appendectomy operation. This had important impli-
cations for measurement as the unit of measure was not the individual patient
encounter but the entire episode of care.

Undertaking this pilot elucidated the practical challenges of measuring value in
the contemporary healthcare setting using the current data systems available. It also
brought to light the limitations of our current units of measurement in healthcare
that have implications for analyzing value and understanding performance. For
example, merging the claims and clinical data sets necessitated routine reconcilia-
tion of the member identification number and the patient’s medical record number.
While a patient’s medical record number in the provider system stays the same, the
same patient can have several member identification numbers because of changes in
enrollment status. Another challenge was the protracted intervals between perfor-
mance reports. This was due, in part, to delays in claims processing that resulted in
3-month lag times to receive claims data and, in part, to the time required to manu-
ally merge the claims and clinical data together. This type of lag time hinders the
clinical team’s ability to refine intervention strategies efficiently, if needed, and also
translated into the untimely reporting of performance toward goals considering the
program was only 12 months in duration.

Measurement at the hospital also presented challenges. Clinical process and out-
come metrics were available in a relatively automated fashion, but measuring the
cost of caring for a patient with appendicitis who subsequently had an appendec-
tomy proved to be difficult. Generally speaking, costs incurred by a provider are
measured by the business unit incurring the costs and not by the disease process that
is necessitating the care delivery. In an attempt to understand the costs of the appen-
dectomy episode, we employed a time-driven activity-based costing methodology.
This allowed us to study the costs of care based on time spent and costs incurred at
key milestones in the patient care continuum [18].

Measuring patient experience presented a similar challenge for a similar reason.
Currently, patient experience is measured by location of care and, again, not by
disease, so measuring the experience of our patients undergoing an appendectomy
had to be done differently using billing codes. While feasible, the analysis of patient
experience data for the appendectomy patients did not show much difference from
all patients encountering our system (i.e., the dissatisfiers for the appendectomy
population were similar to the dissatisfiers for the whole population).

These lessons illustrate the complexity of data analytics and the skills and tech-
nology that must be grown by organizations to enter into sophisticated value-based
payment programs if those programs are to drive meaningful quality improvement.
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Participation in Quality Improvement Activity Beyond
the Local Institution

Local quality improvement work often extends beyond the confines of the local
institution to leverage best practices of other facilities and to create robust data
repositories for clinical research. This is achieved through participation in either
multicenter patient registries or quality collaboratives. As is the case with all issues
of data transfer as described earlier, regulatory requirements must be met prior to
participation. Methods to address these regulations vary from institution to institu-
tion. Most often, participation is governed either through clinical research mecha-
nisms and obtaining local institutional review board (IRB) approval or business
associate and data use agreements. Some institutions require both.

A considerable obstacle to participating in these multicenter quality improve-
ment efforts is the burden of data collection at the local level and subsequent sub-
mission to the outside, hosting organization. This is most often a manual process of
extracting data from the medical record (paper or electronic) and transferring that
data into a centralized data repository maintained by the host institution. Most often,
participants are given access to data entry portals where data are manually submit-
ted. In such scenarios, local participants have limited access to their own raw data
for analysis. Sometimes data is simply submitted via encrypted simple spreadsheet
files — a method that gives pause to any cybersecurity enforcer. There are a few
organizations that have established systems whereby local participants can load data
actively at their site, and then data is harvested by the national organization through
mechanisms programmed within local software. This allows the local participant to
have access to their raw data at any time.

Another potentially frustrating aspect of participating in multicenter QI efforts is
the limited control by the participant over the metrics that are established by the
multicenter group for reporting. The desired data to be reported is dictated by an
outside entity which means that there is not necessarily consistency or alignment
with metrics that may be tracked at the local level. Or, as is most often the case,
there are nuances in the definition of the populations, processes, and outcomes
being measured. Typically, a committee establishes the data elements, and metrics
required for reporting and influence is gained only by being a member of that com-
mittee. Considering that the resources required to participate in QI activity are com-
mitted at the local institutional level, there is little consideration for the feasibility
of data gathering when new measures are added to the existing compendium of
measures. This culminates in an ever-increasing burden of reporting that rests with
the provider participant [19, 20]. As the number of registries and QI collaboratives
continues to grow, providers and their organizations will have to decide what they
can support and consider the potential and realized return they are getting on their
local investment.

Both consumers and payers are demanding more information about performance
of both hospitals and individual providers [21]. While most multicenter QI efforts
are currently considered voluntary, there is an increasing expectation that hospitals



6 Data Analytics for the Improvement of Healthcare Quality 135

participate, and their participation is accounted for through hospital ranking sys-
tems such as US News and World Report Best Hospital Rankings. While much of
what is in the public domain currently for publicly reported data is based on
Medicare claims information, some professional societies have worked with payers
to establish clinical data registries as sources of truth for their outcomes report-
ing [22].

For all the reasons cited previously, the number of data fields being requested is
increasing, while the demand for transparency of quality and outcomes data is also
increasing. Therefore, it seems logical that, in the era of big data and with the onset
of the EHR, there would be more seamless mechanisms to move data from one
electronic system to another to decrease the manual burden of data collection and
ensure the validity and reliability of the data being reported from each participating
site. Although there has been some progress made with EHR vendors and profes-
sional societies to create mechanisms for data retrieval within the EHR, there have
been no major breakthroughs. Locally, we have developed strategies to extract data
from the EHR and push them to data registries that are locally maintained and sub-
sequently harvested at a national level. There remains a significant manual compo-
nent to this process to map the fields from one data system to the appropriate field
in another system.

Accuracy and Precision of Data

When embarking on any endeavor to measure quality, costs, or value, one must
consider the concepts of accuracy and precision. Mathematically and statistically
speaking, accuracy refers to how close the data reflects the true value of what is
being measured, while precision reflects the exactness of that measurement.
Consider the target in Fig. 6.4.

The center dot represents the true value of what is being measured. The first tar-
get represents a measurement that is precise, but not accurate. The repeated
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Fig. 6.4 An illustration of the difference between precision and accuracy



136 C. G. Macias and K. E. Carberry

measurements, while near each other, are not near the true value. The second target
shows a measurement that has high accuracy but low precision. The repeated mea-
surements are not near each other, but they are near the true value. The third target
shows a measurement that has high accuracy and high precision. The repeated mea-
surements are both close to the true value and close to each other. For research
endeavors, one requires both highly accurate and highly precise data. For rapid
cycle quality improvement, data needs to be accurate, but not necessarily highly
precise initially. As improvement cycles continue, the level of precision is refined.
There are statistical methods that can be employed initially to ensure accuracy
within defined margins of error when an improvement cycle begins.

Future Trends

The transformation of healthcare has and will continue to require a meaningful
integration of data into bedside care, population health models, and sophisticated
strategies to translate analytics into improvements in outcomes. At its core, quality
improvement not only requires an attention to data collection and processing but
also requires the people and organizational structures to assure effective workflows
to translate data into information that can drive better healthcare outcomes. In order
to be meaningful, analytics for quality improvement must be sensitive to and incor-
porate clinical, operational, and financial perspectives. The most proximal future of
analytics will involve sophisticated technologies for predictive analytics and risk
stratification, driving care through clinical decision support. Acceleration of those
processes will harness technologies such as machine learning and artificial intelli-
gence to create greater efficiencies than the otherwise manual strategies of analyz-
ing population-based data to improve health.
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