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CHAPTER 1
MAKING THE CASE

Daniel J. Miori

ABSTRACT

This chapter introduces Learning Health Systems (LHS) and the impact of
data science on such systems. It also examines the necessary properties of
data used in LHS and identifies patients who may benefit from a transition to
palliative care. Finally, it examines the way LHS can be used to identify racial
and social disparities in access to palliative care.

Keywords: Learning Health Systems; palliative care; decision support;
electronic health record; data science; unconscious bias

“Very well. Sea,” cried Canute, “I command you to come no further! Waves, stop your rolling!
Surf, stop your pounding! Do not dare touch my feet.” (The Changing Story of Cnut and the
Waves, 2020)

The anticipation that LHSs in healthcare will advance by their own substantial
inertia is a central premise to this work. Just as the sea tide did not cease for King
Canute, the data analytics tide will not cease for us. LHSs will advance because
of the benefits they can provide, and by doing so will cause healthcare to evolve
despite the historically sluggish pace of adoption of analytics techniques. As a
result of this inexorable advance, discussion and understanding of the appropri-
ate data and analytics techniques along with their ethical implications require
attention and review, particularly within the context of the six Vs of big data:
volume, variety, velocity, veracity, validity, and volatility.
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LHSs can reasonably be seen as having a central role in the overall advance-
ment of healthcare. An LHS is defined by the Agency for Healthcare Research
and Quality (AHRQ, 2020) as:

a health system in which internal data and experience are systematically integrated with exter-
nal evidence, and that knowledge is put into practice. As a result, patients get higher quality,
safer, more efficient care, and health care delivery organizations become better places to work.

In the realm of general medicine, an LHS can have a broad focus and still be
effective in serving clinicians and patients. In the face of more complicated and
chronic conditions however, a broad-based LHS may not serve the purpose of
either. As with most large-scale software systems, the creation of an overarching,
all-inclusive tool is very difficult. To effectively address all of the intricacies of
any health condition, these systems must be narrowly defined and focused on
particular patient populations. In this way, an LHS can support medical decision-
making. Palliative care is one such area where a narrower definition will improve
software system outcomes.

Palliative care is a field with its own philosophical approach and unique chal-
lenges which should be considered in discussion of the future of a palliative spe-
cific LHS. Palliative care providers often deal with the apprehensions of other
clinicians and of patients over a perception of it as “comfort care,” a euphemism
for withdrawal of medical treatment followed by the rigorous application of mor-
phine. In reality, palliative care is best characterized as facilitating the transition
from futile, potentially burdensome, aggressive, curative type care for a patient
with an irreversible (possibly terminal) condition to treatment encompassing
goals based on quality of life, as agreed on by practitioner and patient. This
approach may not necessarily include a wish to limit attempts at resuscitation
as is seen in hospice-type care. Frequently, attaining those quality-based goals
may involve some continued highly aggressive care to improve function and limit
symptoms.

The ability of clinicians to anticipate, or prognose, future medical events is
difficult under ordinary circumstances, and vast research has been done to bet-
ter understand the potential and medical needs of individual patients. In the
United States (US), foundational work such as The Framingham Study (Yuling
Hong, 2020) is an example of long-term large-scale data gathering which has
both improved our understanding of a clinical condition (heart disease), and
demonstrated the unintended consequences of limited access. The original study
group was overwhelmingly white males but it has since been expanded to better
represent the American population. In the same way, The Framingham Study
improved our understanding of early intervention in the management of heart
disease; an LHS can better anticipate the individual patient’s clinical options and
the probability of success or failure of specific interventions in establishing and
attaining the goals of that patient.

According to the World Health Organization (WHO), only 14% of people
(worldwide) who need palliative care, actually receive it (Palliative Care Fact Sheet,
2020). Though the percentage is much higher in the US, low- and middle-income
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individuals have significantly less access to palliative care. The WHO also identi-
fied key barriers to palliative care, including:

e “lack of awareness among policy-makers, health professionals and the public
about what palliative care is, and the benefits it can offer patients and health
systems;

e cultural and social barriers, such as beliefs about death and dying;

® misconceptions about palliative care, such as that it is only for patients with
cancer, or for the last weeks of life; and

® misconceptions that improving access to opioid analgesia will lead to increased
substance abuse.”

Examining the impact of LHSs through the lens of ethics with regard to
data collection and decision-making in palliative care may seem to generate
concerns about the role of an LHS due to the fear of the indiscriminate use of a
data-dependent prognostic tool in place of a trained clinician in evaluation and
discussion of goals of patient care. It is important that an LHS is not be viewed
as a decision-making surrogate, but rather as a decision support tool. Unlike
artificial intelligence approaches, the heavy lifting of reviewing and implement-
ing potential decisions remains with the clinician and patient. Also, in order
for an LHS to assist with decision-making, a reliable and acceptable method
for codifying and incorporating prudential and moral norms is a reasonable
expectation. The programmers responsible for the logic of such a system would
hold ethical (and potentially legal) responsibility for that system, similar to the
clinicians who use it.

The intent of this work is to propose the effectiveness of an LHS as a data
source to overcome subtle but powerful flaws in the delivery of medical care. In
this case, there is equitable access to specialized treatment. Within this paradigm
however, other possibilities exist. Ultimately, any LHS must be viewed as a source
of additional information for the clinician and patient (or surrogate decision-
maker) in much the same way as diagnostic tools such as an MRI or blood tests.
Using current industry standards for approving diagnostic devices as a prece-
dent, it becomes easier to suggest that the recommendations of an LHS could
be acceptable evidence of the improbability of meeting curative treatment goals
within the stated definition of palliative care. This evidence would allow transi-
tion to a less burdensome, symptom-control based plan of treatment.

In providing this support, LHS recommendations also have the potential to
address issues such as the tendency of clinicians to overestimate prognosis at the
end of life. In some circles, overestimation of prognosis can be thought of as
kindness, a white lie which makes the final months of a person’s life less conflicted
and more hopeful. Treating the family by continuing aggressive but futile cura-
tive type care is a parallel issue. It has the theoretical purpose of buying time to
allow families to gain acceptance of an untimely death and tends to be offered as
a rationalization for continuing treatment in the absence of any hope of success.
Providing that unrealistic assessment, however, does not help. It simply delays
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a potentially pathological grieving process until the family is out of a medical
setting and less able to access support services. It seems to be an obvious error,
treating emotional trauma by avoidance. Timely referral for grief counseling
would be more appropriate, and any delay in seeking such help simply harms the
individuals who need it.

An LHS can drive timely and efficient treatment decisions, lowering the overall
cost of care, and expanding the availability of palliative care as greater aware-
ness of need across social boundaries occurs. Of course, even the most optimis-
tic assessment of that transition within the US healthcare delivery system must
acknowledge that the process will be complex and will generate unforeseeable
barriers. Understanding the current landscape of Electronic Health Records
(EHR), their strengths, weaknesses, and ongoing advances will be essential in lim-
iting those potential barriers (The terms Electronic Health Record and Electronic
Medical Record have both been used extensively in literature; the distinctions will
be addressed in Chapter 6. For our purposes, we will use the term Electronic
Health Record).

PALLIATIVE DATA

The nature of healthcare data, and specifically the desired nature of palliative
care data, may be seen through six Vs of big data. These include: volume, variety,
velocity, veracity, validity, and volatility.

Volume

The amount of data in healthcare is expanding exponentially. Not only are hos-
pitals, doctors, and health care systems increasing their data contribution but
also publicly held data relevant to health care delivery is expanding substantially
as well. This includes the US Census American Community Survey, the Centers
for Disease Control Behavioral Risk Factor Surveillance System, the Bureau
of Labor Statistics, the Bureau of Economic Analysis, the Housing and Urban
Development (HUD) Exchange, the Migration Policy Institute (MPI), and many
other government and nonprofit organizations.

Not only are users faced with thousands of stores of data but also with mil-
lions of variables. The data wrangling and cleaning effort to even begin to identify
and understand the characteristics of palliative patients is extremely consuming.

Variety

As noted under the section “Volume,” the relevant data sources are extremely
varied. Privately held health care data resides in EHR systems with complex
relationships and data formats that include free text, audio files, video files,
and single- and multi-file DICOM (Digital Imaging and Communications in
Medicine) formats, to name just a few. Not only are we faced with types of data
when discussing variety, but we are also faced with data reflecting many different
facets of a person’s health impacting healthcare decisions.
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Publicly available data includes survey responses of all types, geographic loca-
tion data, nonprofit organization operational data, etc.

Velocity

The velocity of data collection is increasing especially with the advent of the
Internet of Things (IoT). Not only is healthcare data collected by physicians’
offices, clinics, hospitals, and testing centers, but it is also collected in large vol-
umes by personal medical devices such as heart monitors, glucose monitors,
wearables, and myriad smartphone apps. All of this data is important in inform-
ing treatment evaluations.

Veracity

Big data veracity references bias and abnormality in data. It is a significant
challenge, especially when examining palliative data. In particular, the lack
of representation results not only in racial bias but also in overall income and
education biases. This area is discussed in detail later in this chapter, within the
“Unconscious Bias” section.

Validity

The generation of meaningful analysis is irrevocably tied to the correctness and
accuracy of data. It may seem like a clear concept, but accuracy is directly related
to the data collection effort and a universal understanding of what accuracy in
healthcare data collection truly means. Data collected via surveys is inherently
limited in accuracy due to self-reporting bias. EHR data benefits in having trained
professionals enter data consistently, though it may still be subject to entry and
judgment bias. The ability to collect data through standardized tests, digital
processes, and the use of wearables is extremely valuable, as well as consistent.
Furthermore, the question of what constitutes complete palliative healthcare
data must be addressed.

Volatility

Volatility considers the length of time that data is considered to be valid. Palliative
conditions and diagnostic data will not have an effective expiration date, however
as treatments evolve, prognostic data and treatment data evolve as well. In addi-
tion, as data is collected in more diverse types (as mentioned in Variety), analyses
adapt to include vastly more data. Older data, lacking this depth and breadth,
becomes obsolete and is limited in the contribution it can make to analysis.

UNCONSCIOUS BIAS

After consideration of these six Vs, any discussion of Data Science integration
into an LHS for palliative care must thoroughly address unconscious bias due to
lack of representation of racial, ethnic, and socio-economic groups in treatment



6 DANIEL J. MIORI

data. It is also critical to address the impact of this bias on prognoses and diag-
noses rendered for patients. An LHS shares the ethical responsibilities of the cli-
nicians who manage patients and make recommendations for medical treatment
and should consider questions such as:

e What are survival rates for attempted cardio-pulmonary resuscitation in pal-
liative patients with specific comorbidities?

e What is the likelihood of post-surgical complications for a cancer survivor
with a specific treatment profile?

e What is the likelihood of a patient with compromised immunity developing
clostridium difficile colitis (c-diff) during a hospital stay?

e What is the likelihood of an elderly patient developing hospital associated
delirium?

In palliative care, as well as the practice of medicine in general, timely deci-
sions often need to be made on incomplete evidence. Time gained by catching the
patient earlier in an irreversible disease process allows for more effective clinical
treatment to relieve symptoms, and greater benefit from time gained in a thera-
peutic environment to deal with the emotional trauma of illness and death.

Hospitals and medical practitioners with access to LHSs fed by representative
data would have greater ability to provide early and equal access to care.

The diverse sources for publicly available data include the US Census Bureau,
the US Department of HUD, the Homeless Research Institute, the MPI, the
Refugee Processing Center (RPC), the Centers for Medicare and Medicaid
Services (CMS), the Center to Advance Palliative Care (CAPC), the Centers for
Disease Control (CDC), the National Health Interview Survey (NHIS) and the
WHO, among others.

Age, sex, race, educational attainment, ethnicity, income (poverty status),
health insurance status, urban versus rural, homeless status, documentation status
for immigration, and refugee status should all be used to characterize the US pop-
ulation data and the palliative population. The palliative patient population tends
to have increased representation in higher income categories, higher educational
levels, and white non-Hispanic individuals. Representation falls well below expec-
tations with populations that are marginalized based on race, lower income, poor
English language acquisition, lower educational attainment, and homelessness.

Finding subtle differences in data can identify individuals who would welcome
and benefit from a palliative care approach and allows healthcare professionals,
aided but not directed by an LHS, to help correct known biases and determine
specific factors and analyses that help correct underrepresentation in the pallia-
tive population.

HEURISTICS IN PALLIATIVE CARE

Heuristics are fundamental to the human ability to analyze the world around us.
They are sets of rules, or rules-of-thumb, that can be applied to decision-making
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based on a limited set of data. These cognitive short-cuts allow decisions to be
made in the absence of full, possibly unobtainable, information. A phenomenon
known in psychology as the illusion of control is a tendency to overestimate one’s
ability to control events and is one of the known flaws in medical heuristics. It
is often referred to as the therapeutic illusion and can be mitigated with sim-
ple conscious strategies to balance unconscious heuristics that influence clinical
decision-making.

If we accept that poor decision-making can be due to an overestimate of con-
trol and the inclination toward confirmation bias (the tendency to accept infor-
mation that confirms our existing beliefs), that the use of data science based
diagnostic tools to uncover patterns that would be difficult to identify in any
other way can be of benefit, and that this will improve the quality of diagnosis
and prognosis, the use of an LHS to assist in medical decision-making becomes
less daunting.

DATA SCIENCE FACILITATING TRANSITION TO
PALLIATIVE CARE

Infomarkers, such as terms including “Death Anxiety” and “Anticipatory griev-
ing,” when used in electronic medical record documentation can trigger consid-
eration for palliative consultation (Yao et al., 2015). This and other approaches
support the use of prognostic tools (Greer, Jackson, Meier, & Temel, 2013; Smith
etal.,2012; Yao et al., 2015). By adding data science analyses, outcomes and con-
clusions, more specific and definitive indicators can be added to the decision to
transition to palliative care. In particular, tools like Natural Language Processing
(NLP), text mining, unstructured data analysis (including DICOM formats), and
machine learning among other tools assist in the transition from aggressive cura-
tive type care to aggressive symptom management.

OTHER DATA SCIENCE CONCERNS IN
PALLIATIVE CARE

When creating a LHS, it is critical to understand and accommodate concerns
associated with the use of data analytics or data science. They include but are
not limited to control over access as well as use and governance of data; trans-
fer of data from healthcare systems to for-profit systems (such as seen with a
release of data from the British National Health Service to Google DeepMind),
and transfer of poorly controlled, publicly available, health data to healthcare.
This includes information generated by an IP address and not an individual, or
directly obtained or eavesdropped data from uncontrolled non-medical biometric
monitoring devices through personal fitness trackers.

These concerns may give a medical practitioner pause, but we submit them
as a foundation for the breadth of work necessary to develop an LHS with the
appropriate data security and maintenance of data privacy.



8 DANIEL J. MIORI

DATA SCIENCE AND LHS ADDRESS DISPARITIES IN
ACCESS TO PALLIATIVE CARE

Although improved access to palliative care is certainly a worthy goal of any work
in data science, the focus of this book will be to identify disparities in access to
palliative care across racial and social groups in the US. We will propose a system
which will use characteristics found in readily sourced large data sets to identify
individuals who may not ordinarily be aware of or receive referral to specialized
palliative services.
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