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Abstract: Learning Health Systems (LHS) produce analyses supporting medical decision making. Though algorithms are chosen to
eliminate bias, we are left with unconscious bias present in data, due to lack of representation for marginalized populations. This is
especially problematic in palliative care. Medical practitioners lack historical foundations for decision making for patients in these
underrepresented populations. This paper first reviews the ethical foundations that drive our approach, then describes data
stratification and analysis supporting a data-ethical LHS. Kaplan-Meier curves are generated for each of the stratum, demonstrating
the value of palliative care and its impact on survival. Data were collected from government and foundation sources, stratified and
analyzed to more appropriately weight medical history and characteristics to improve decision making for all populations.

“Very well. Sea,” cried Canute, “l command you to come no further! Waves, stop your rolling! Surf,
stop your pounding! Do not dare touch my feet!” !

L. INTRODUCTION

Anticipating that Data Science, as any technology, will advance by its own substantial inertia, a central premise to this work is the
belief that just as the sea tide did not cease for King Canute, neither will the tide of technological advance. Data Science in health
care will advance, despite the historically sluggish pace of adoption of analytics techniques, especially when such great potential
benefit exists. Because of this inexorable advance, discussion and understanding of the appropriate data and analytics techniques,
along with the ethical implications of these, require attention and review, particularly within the context of the Four Vs of big data:
volume, variety, velocity, and veracity.
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Learning Health Systems are critical to the advancement of any type of care. A Learning Health System is defined by the
Agency for Healthcare Research and Quality (AHRQ)” as:

“a health system in which internal data and experience are systematically integrated with external 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.”

Palliative Care is best characterized as facilitating the transition from futile, and potentially burdensome and aggressive,
curative 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.

Palliative care is a field with its own unique challenges and philosophic approach which must be considered in discussion of
the future of any LHS. According to the World Health Organizationa, only 14% of people (worldwide) who need palliative care,
actually receive it. Though the percentage is much higher in the US-, low- and middle-income individuals have significantly less
access to palliative care. The WHO also identified 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;

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

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

Any discussion of Data Science’ integration into an LHS for palliative care must address the unconscious bias due to lack of
representation of racial, ethnic and socio-economic groups in treatment data. It is also critical to address the impact of this bias on
prognoses and diagnoses rendered for patients. An LHS shares the ethical responsibilities of the clinicians who manage patients,
and make recommendations for medical treatment and should consider questions such as:

e  What are code survival rates for palliative 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 decisions often need to be made on incomplete
evidence. Additional time gained by catching the patient earlier in an irreversible disease process allows for more effective clinical
treatment to relieve symptoms, and greater time in a therapeutic environment to deal with the emotional trauma of illness and
death.

Hospitals and medical practitioners everywhere (rural, suburban, and urban areas), who serve every age group and socio-
economic group, should be represented in LHSs and therefore have the ability to provide equal levels of care for all patients. A
patient in inner-city hospitals should be able to benefit from knowledge gained across all of these diverse groupings.

To date, the Kaplan-Meier curve has served as a fundamental data analysis tool used to estimate survival times or time-to-
event (in this case, the event is death), in the face of missing or incomplete data. In this paper, Kaplan Meier Curves were generated
to represent survival among various groups of underrepresented and marginalized populations. The curves served to illustrate the
impact of the discrepancies in the delivery of palliative care.

2 “About Learning Health Systems,” Agency for Healthcare Research and Quality, accessed July 12, 2020, https://www.ahrg.gov/learning-health-
systems/about.html

3 “palliative Care Fact Sheet,” World Health Organization, accessed September 28, 2020, https://www.who.int/news-room/fact-
sheets/detail/palliative-care
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1l LITERATURE REVIEW

A. Ethics

Ethics surveys have been utilized to understand the role of ethics in clinical settings. Research in clinical ethics support
(CES) using surveys (Dauwerse et al., 2013), determined that both implicit and explicit CES are relevant and should be combined to
better serve patients. A focus on ethics committees, and identification of roles of the committees (Marcus et al., 2015) found that
ethics committees should practice mediation rather than prescription in resolving clinical ethical dilemmas. In addition, they are
viewed as a practical means to avoiding medical-legal conflicts.

Ethical considerations of health care go beyond the question of care in individual circumstances. They are also critical
when examining disparities in healthcare delivery. Privacy restrictions and lack of consolidated electronic medical records impede
the ability of researchers to adequately address inequities.

The need for accurate data on race and ethnicity in healthcare settings has been emphasized (Bierman et al,,
2002). Collection of data is hindered, resulting in unconscious bias and disparities in care. Based on increased diversity in the US
population, improvements must be made to efficiently support the population. Individual data was collected (NRCP on DHHS, 2004)
on race, ethnicity, socioeconomic position, acculturation and language. The panel identified the data needed, the effectiveness of
data collection systems and critical gaps in the data, along with providing recommendations for improvement completed based on a
literature analysis (Cabral and Cuevas, 2020) the conclusion was drawn that unauthorized immigrants within the Hispanic/Latino
population have significant disadvantages, even when compared to their documented counterparts. Economic and social conditions
such as health care access, health-protective resources and immigration enforcement actions operate differently for these two
groups. They provided recommendations for policies and interventions to mitigate the gap.

The COVID-19 pandemic is used as a backdrop (Sivashanker et al., 2020) to show the intersectional (overlapping
underserved groups such as being black and a woman) effect of the pandemic. Otherwise, hidden inequities were identified such
as: Hispanic non-English speaking patients were dying at higher rates than those who spoke English, and red-lined neighborhoods of
color were tested at lower rates, but positive tests were more prevalent than affluent white neighborhoods. These findings led to
quality-improvement efforts.

A detailed examination of equitable healthcare (Weinstein et al., 2017) pointed to social, economic, environmental and
structural factors in our inability to provide equitable healthcare. Specifically, they pointed to poverty, structural racism and
discrimination as limiting factors in obtaining care. They called for community action and governmental programs, policy changes,
and partnerships to begin closing the gap.

This formalization of data science using conscious or unconscious decision-making strategies finds a corollary in Belief
Ethics. This field “refers to a cluster of questions at the intersection of epistemology, ethics, philosophy of mind, and psychology”
(Chignell, 2017) and may be helpful in discussion of Data Science tools to assist with medical decision-making, particularly with
regard to prognosis

Previous research has voiced specific concern over indiscriminate use of data dependent prognostic tools in place of the
participation of a trained clinician (von Gunten et al., 2016). This seems to be the center of published concerns over ethics within
the application of Data Science to the practice of palliative medicine. In addition to voicing concern over the use of data dependent
prognostic tools, they also noted current challenges that such tools would address, such as the tendency of physicians to
overestimate prognosis at end of life by “300-500%".

The current push for engineering ethics built into algorithms for health care solutions, and the notion of technical
neutrality were addressed (McCradden et al., 2020). They noted however that complex causal factors are responsible for difference
in medical conditions, with some factors critical to identifying differences, while others do not. In addition, algorithms reflect
idealized models rather than real-world models. The solutions are not simple and require careful consideration.

B. Data Science and Palliative Care

In the case of a Data Science system such as an LHS, to assist with decision-making, a reliable and acceptable method for codifying
and incorporating prudential and moral norms would have to be produced. The programmers responsible for the logic of such a
system would hold ethical (and potentially legal) responsibility for that system, similarly to the clinicians who use it. Ultimately any
LHS would be fallible and must be viewed as additional information for the clinician and patient/surrogate, in much the same way
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any other current system, such as MRI or blood test results are now used. Using current testing and standards (as the precedent
strongly suggests), the recommendations of an LHS could be acceptable evidence of the improbability of meeting patients’
treatment goals. This evidence is an adequate reason to transition to a less aggressive, symptom-control based plan of treatment.

Heuristics allow decisions to be made in the absence of full, possibly unobtainable, information. A phenomenon known in
psychology as the illusion of control (Hastie & Dawes, 2009) is one of the understood flaws in medical heuristics. It is the tendency
to assume having control in situations where it may not exist.

Heuristic systems are often proposed (Uneno et al., 2017) (Snow et al., 2016) (Smith et al., 2012) (Ying et al., 2015) to assist
in prognosis. Existing prognostic tools, The Palliative Performance Scale (PPS) created for use in palliative care, and the Karnofsky
Scale that was created for use in oncology, are both based on the patient’s overall ability to function, and establish a precedent for
the use of formalized grading scales in prognosis. Other, more data driven tools, such as APACHE (APACHE Il Score, 2020), are used
in a critical care setting and are more complex, involving the processing of lab results and other values to arrive at a
score. Additionally, scoring systems for evaluation of frailty in the elderly (Rockwood, et al., 2005) are gaining acceptance, and are
considered valid for influencing medical recommendations for treatment.

This judicious use of conscious heuristics can reasonably be extended to the use of data science in medical decision-
making. Info markers, such as the use of terms including “Death Anxiety” and “Anticipatory grieving”, when used in EMR
documentation can trigger consideration for palliative consult (Ying et al., 2015). This and other approaches (Miller, 2016) support
the use of prognostic tools and (Smith et al., 2012) (Greer et al., 2013) further develop the concept of data science assisting in a
transition from aggressive curative type care to aggressive symptom management.

The Guardian noted that the British National Health Service used their own algorithm, called The Liverpool Pathway to
assist with decision-making at end of life. Concerns that a Data Science system should not be substituted for shared decision making
between clinician and patient/surrogate informs the British National Health Service’s review of the pathway, which directly led to its
discontinuation in 2013. Concerns were expressed (von Guten et al.,, 2016) over efforts to “mine big data for prognostic
information...being done by private, proprietary, for-profit companies” which may manipulate data to influence the general public
who may not have the technical awareness to discern between valuable recommendations and simple marketing.

The Guardian® noted that the British National Health System has now instituted Liverpool’s replacement through their
National Institute for Health and Care Excellence® (NICE). It provides guidance which echoes much of which was offered by The
Liverpool Pathway, but in a more patient centered and non-technical format available directly to the healthcare consumer.

Several articles (Pastrana et al., 2010)(Cooper et al., 2018)(Haines, 2021) focused on quality improvement using data,
including 1) discussion of documenting the impact of likely benefits of palliative care on quality of healthcare and the associated
costs, and 2) accurately defining and identifying quality and success in palliative care. The Center to Advance Palliative Care (CAPC)
provides independent data and reference who material on the cost effectiveness of having a palliative service available.

Ultimately, the greatest effect Data Science may have on Palliative care will be through its impact on the practice of
medicine in general. Miller discussed views adopting assessment tools like the Risk Readmission Assessment Tool (RRAT), which can
evaluate risk of potentially avoidable rehospitalization of patients with advanced heart failure, as a positive feature leading to
appropriate and more timely referrals.

C. Methodology

The discussion of the Ethics of Belief has created the foundation for data collection, stratification and heuristic creation. The
divergent voices in data collection include the US Census Bureau, the US Department of Housing and Urban Development (HUD),
the Homeless Research Institute, the Migration Policy Institute (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 World Health Organization (WHO).

The first five of these sources were used to form a foundational understanding of the demographics of the US
population. This data was then used to describe the population, with specific attention paid to characterizing population centers of
different sizes, differing urban characteristics and geographic regions. The remaining sources (CMS, CAPC, CDC, NHIS and WHO)
were used to characterize the demographics of the population of palliative patients.

* https://www.theguardian.com/society/2013/jul/15/liverpool-care-pathway-what-went-wrong
® “End of Life Care for Adults,” National Institute for Health and Care Excellence,” accessed October 22,
2020, https://www.nice.org.uk/guidance/qs13
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Age, sex, race, educational attainment, ethnicity, income (poverty status), health insurance status, urban vs rural, homeless
status, documentation status for immigration, and refugee status were all used to characterize the US population data, and then
determine specific factors that led to underrepresentation in the palliative population. Understanding these differences between
the overall population and the palliative population allows an LHS and healthcare professionals to begin to remediate the
unconscious bias that exists in palliative data.

To illustrate the importance of palliative care in marginalized and underserved populations, we used the NHIS data to
identify patient profiles across all strata. These profiles specifically reflect comorbidities, insurance status, and overall propensity to
seek medical care. This approach allowed potential patients to be grouped in non-standard ways, ensuring that medical, economic
and cultural factors all would be taken into consideration. We then simulated the time of survival for each of the strata and created
Kaplan-Meier curves for each stratum, demonstrating the importance of palliative care and demonstrating the need to make
palliative care more accessible.

This approach creates a structure for collection of private data in individual practice allows decision makers to map their
own patient populations to the strata.

1. DATA COLLECTION

A. Total Population

The first goal in data collection was finding and aggregating publicly available data that would serve as an accurate representation of
the entire US population. Within the US Census, we focused data collection to American Community Survey (ACS) 5-Year
Estimates®. The survey is ongoing and provides estimates that each represent a period of time. The 5-year estimates (in this case
from 2014-2018) increase statistical reliability, especially for less populated areas and underrepresented populations. To ensure
representation, further collection included sources that adequately reflected the homeless population, the unauthorized immigrant
population and the refugee population. This aggregated data provides a more accurate representation of the population of the
United States. The Migration Policy Institute” website has used the same 5-year period estimates, and a unique methodology to
assign legal status to the census data and effectively approximate the population of unauthorized immigrants in the United States.

The HUD Exchange maintains a Homeless Data Exchange8 (HDX) and generates the Annual Homeless Assessment Report
presented to Congress from homeless population and subpopulation data submitted by the Continuum of Care Programs (CoCs).
These point-in-time estimates are generated annually and include population sizes and demographics by state. The homeless
population’s characteristics are clarified through the examination of publications of the National Alliance to End Homelessness’. In
particular, the Demographic Data Project Part IV: The Role of Geography, and the State of Homelessness publication provided the
foundation for estimating the homeless population racially and geographically.

B. Palliative Population

Characterizing the palliative patient population required more depth and evaluation of publicly available data sets. The international
reports of the WHO and the Palliative Care Fact Sheet, were used to identify an initial set of chronic conditions that lead to the need
for palliative care. These conditions include cardiovascular diseases, cancer, chronic respiratory diseases, AIDS, and diabetes. The
CDC completes surveys on risk factors on an annual basis™, the resulting data directly addresses these and several other chronic
conditions. The aggregated and adjusted survey data helps to identify the prevalence of the chronic conditions across demographic
intersections.

& “American Community Survey 5-Year Data (2009-2019), United States Census Bureau, accessed July 12, 2020-January 4, 2021,
https://www.census.gov/data/developers/data-sets/acs-5year.html

’ “Migration Data Hub,” Migration Policy Institute, accessed July 18, 2020- November 1, 2020,
https://www.migrationpolicy.org/programs/migration-data-hub?qgt-data_hub tabs=0#datahub-tabs

8 “p|T Count and HIC Data and Reports,” HUD Exchange, accessed July 18, 2020-November 1, 2020,
https://www.hudexchange.info/programs/hdx/pit-hic/data-reports/

% “The State of Homelessness,” National Alliance to End Homelessness, accessed July 18, 2020-November 1, 2020, https://endhomelessness.org/
©upata & Statistic,” Centers for Disease Control and Prevention, accessed July 29,2020-January 18, 2021, https://www.cdc.gov/DataStatistics/
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If a condition is chronic, yet considered to be reversible, it is not an appropriate predictor of palliative care needs. The CDC
data also addresses hospice care, and though palliative patients may eventually require hospice care, the hospice population is not
considered to provide an effective estimate of the likely palliative population.

The NHIS data provides an opportunity to use data at a more detailed level of granularity than other sources. The survey
data is provided at an individual level, which is the foundation for creation of profiles to generate Kaplan-Meier survival curves.

C. Quantification

Given the wealth of data, it was important to begin the quantitative work descriptively. Data aggregations and visualizations played
a pivotal role in understanding the data and formulating appropriate analyses for the data. It was insufficient to create strata based
on the intersection of demographic characteristics, rather the strata had the express purpose of representing groups that had
access to varying levels of quality healthcare. For example, a homeless individual and an unauthorized immigrant come from very
different circumstances, yet face almost exactly the same healthcare challenges. For this reason, we view the response variable as
healthcare access. For each data type, a dashboard has been created to provide a visual story. The links to these dashboards are
provided at the start of each section.

D. Census Data

Dashboard Link: Race/Ethnicity and Income/Poverty Census Data Analysis (Click Tableau Public Link)

The census data examined was primarily concerned with race/ethnicity (RE) and income/poverty (IP) metrics. The RE columns
measured gender, age, race, ethnicity, and housing units. The IP columns measured overall household income, other sources of
household income, labor force status, health insurance coverage, and poverty level. Note that employment and health insurance
data points were not captured until 2012, while all other data points were captured back to 2010. Table 1 includes meaningful
changes in demographics while Table 2 includes relevant correlations™.

In order to accurately represent the percentage change in Social Security, independent of population shifts, the calculation
was based on COLA increases from 2010-2018". The inflation rate, based on the consumer Price Index — All Urban Consumers (CPI-
U), over the time period from 2010-2018 was 16.34%". The income measures marked with an asterisk (*) have fallen behind
inflation during this time. Expanded results available upon request.

Category Base Year 2018 Percentage Change

Income (2010-2018)

Mean Household Income $70,883 $84,938 19.83%

Median Household Income* $51,914 $60,293 16.14%

Social Security Income* $15,495 $19,346 14.38%

Below Poverty Level 10.1% 11.5% 13.86%
Employment (2012-2018)

Employment Rate 70.13% 73.18% 4.35%

Unemployment Rate 7.09% 4.41% -37.80%
Health Insurance (2012-2018)

Uninsured 14.79% 9.33% -36.92%

Private Insurance 59.96% 60.37% 0.68%

Public Insurance 26.73% 31.28% 17.02%
Race/Ethnicity (2010-2018)

! Correlations with an absolute value of 0.5 or greater are deemed significant

12 «cost of Living Adjustments,” Social Security Administration, accessed March 15, 2020, https://www.ssa.gov/oact/cola/colaseries.html
3 “|nflation Rate in the United States of America, 2020,” StatBureau, accessed March 15, 2021, https://www.statbureau.org/en/united-
states/inflation
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African American/Black 13.04% 13.5% 3.53%
Asian 5.13% 6.19% 20.67%
Latinx 16.72% 18.65% 11.54%
White 74.13% 72.88% -1.69%
Lack of English Fluency 8.7% 8.5% -0.23%
Age (median: 2010-2018) 36.9 37.9 2.71%

Table 1: Census Data Change Summary

Variable Significant Negative Correlation Significant Positive Correlation
Private Food Stamps . . Mean Inc9me '
Health Insurance Supplemental Social Security Mean Social Security Income
Rate < $25,000 Household Income > $50,000 Household Income
Households Below Poverty Line Employment Rate
Unemployment/Not in Labor Force
Mean Income Food Stamps
Public Mean Social Security Income Supplemental Social Security
Health Insurance > $50,000 Household Income < $25,000 Household Income
Rate Employment Rate Households Below Poverty Line
Unemployment/Not in Labor Force

Table 2: Relevant Insurance Rate Correlations

E. Unauthorized Immigrant Data

Dashboard Link: Unauthorized Immigrant Data Analysis (Click Tableau Public Link)

The unauthorized immigrant data contains demographic information such as country of birth, region of birth, years of US residence,
age, gender, parental status, marital status, school enrollment, educational attainment, English proficiency, languages spoken at
home, labor force participation, top employment industries, family income, health insurance coverage, and home ownership.

The number of unauthorized migrants positively correlates with the population size and presence of large metropolitan
areas within a state. The top 5 states in order of unauthorized population are CA, TX, NY, FL, and IL. CA has almost 900,000 more
migrants than TX, and TX has almost 900,000 more NY.

0 }
L

v % Py

N
3,000 I c50.000 &

Figure 1: Unauthorized Immigrants below Poverty Level
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Figure 2: Uninsured Unauthorized Immigrants

While many variables can act as predictors of access to quality healthcare, three dominant variables are income below the
poverty line, uninsured status and inability to speak English well. The heatmaps in Figures 1 and 2 show that very high
concentrations of unauthorized immigrants are marginalized by income and insurance status.

F. Homelessness Data

Dashboard Link: Homeless Data Analysis (Click Tableau Public Link)

The homeless data contains demographic information like age, gender identity, race, and ethnicity about homeless populations by
US state and year. In the United States, the overall homeless population was 564,708 people in 2015 and 552,830 people in 2018, a
decrease of 11,878 people. In the intermediary years the homeless population was always at least 10,000 less than either of these
numbers, but there were no downward fluctuations greater than 15,000. Examining race, white people consistently represent 47-
49% of the homeless population across these years. Black people consistently represent 39-41% of the homeless population across
these years. It is important to note that black people are disproportionately represented in the homeless population given they only
represent around 13% of the population while white people represent over 70% of the population. Additionally, population hubs
like NY and CA account for 36.13% of the homeless population in 2015, and by 2018 accounted for 39.71%.

Examining specifically the sheltered vs. unsheltered homeless populations, the sheltered homeless population has declined
from 69.32% in 2015 to 64.82% in 2018 while the unsheltered population has increased from 30.68% to 35.18%. Examining race
over the years measured, black people consistently represented 45-47% of the sheltered homeless population 26-28% of the
unsheltered population. White people consistently represented 43-44% of the sheltered homeless population and 56-59% of the
unsheltered homeless population.

G. Refugee Data

Dashboard Link: Refugee Data Analysis (Click Tableau Public Link)

The refugee data has four critical components that were measured from 2010 to 2020: refugee’s country of origin, the refugee’s
destination state, year, and number of refugees. The summary of the largest refugee populations is presented in Table 3.


https://public.tableau.com/profile/kyle.chalmers7732#!/vizhome/PalliativeMedicinePaperHomelessDataAnalysisDashboards/Title?publish=yes
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Rank | Refugee Country of Origin (COE) | Refugee Destination State | Largest Refugee Population (COE/state)
1 Burma (125,135) Texas (59,273) Iraq/California (20,446)
2 Iraq (109,135) California (54,412) Burma/Texas (17,512)
3 Bhutan (77,409) New York (35,589) Irag/Michigan (15,675)
4 DROC (70,444) Michigan (30,123) Iran/California (12,980)
5 Somalia (54,208) Arizona (25,959) Irag/Texas (11,918)

Table 3: Largest Refugee Population Summary

The US accepted a total of 600,832 refugees over these 11 years. The year with the largest number of refugees was 2016
with 84,933 refugees. 2017-2020 were the four lowest years in terms of volume of refugees accepted to the US. The only country
for which the US continued to allow large numbers of refugees was the Democratic Republic of Congo (DROC), while Iraq, Burma,
Bhutan, Somalia, Syria, and almost every other nation had significantly fewer refugees. The same patterns were replicated at the
state level.

H. Chronic Disease Indicators Data

Dashboard Link: Chronic Disease Indicators Data Analysis (Click Tableau Public Link)

The chronic disease indicators data contained data on alcohol usage, arthritis, asthma, cancer, cardiovascular disease, chronic
kidney disease, chronic obstructive pulmonary disease, diabetes, disability, immunization, mental health, nutrition and physical
activity, older adults, oral health, overarching conditions, reproductive health, and tobacco. The data was collected for each state
and the overall United States from 2008-2018, though data collection has not been completely consistent during this time. The data
was primarily collected for the overall population, by race/ethnicity, and by gender. The data has 193 distinct questions asked in it
regarding the different topics listed above, but Table 4 offers the results from the most general questions for the overall population.

The metrics in Table 4 provide a mixed overall picture. While many of the categories do not provide race/ethnicity data,
disproportionately adverse outcomes prevail for minorities when examining poverty rate, prevalence of two or more chronic
conditions for 65+ Medicare-enrolled people, and disabilities for adults 65+. Whites are consistently the lowest represented group
with a poverty rate within the range of 9-11%. Blacks, Hispanic/Latinx, and Native Americans consistently have poverty rates over
20%. The percentage of black Americans (65+) on Medicare with two or more conditions consistently exceeds 71%, while every
other race consistently falls below 70%. The percentage of disabled black Americans falls within the 43-39% range. The percentage
of disabled Native Americans consistently hovers just below 50%, while the percentage of disabled white and Asian Americans falls
below 35%.

Category Base Year Final Year Year Range
Chronic Liver Disease Mortality 0.1 cases per 100,000 | 0.13 cases per 100,000 2010-2017
Heavy Drinking Among Adults 18+ 6.6% 6.4% 2011-2018
Arthritis Among Adults 18+ 24.4% 26.3% 2011-2018
Current Asthma Prevalence Adults 18+ 9.1% 9.4% 2011-2018
Incidence of Invasive Cancer 5.017 cases per 100,000]5.044 cases per 100,000 2010-2012
Mortality of Invasive Cancer 1.85 cases per 100,000 | 1.85 cases per 100,000 2010-2012
Mortality from Total Cardiovascular Diseases 2.54 cases per 100,000 | 2.64 cases per 100,000 2010-2017
Awareness of High Blood Pressure Adults 18+ 30.8% 32.2% 2011-2017
Prevalence of Chronic Kidney Disease Adults 18+ 2.4% 2.9% 2011-2018
Prevalence of Chronic Obstructive Pulmonary Disease 6.1% 6.6% 2011-2018
Adults 18+
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Prevalence of Diagnosed Diabetes Adults 18+ 9.5% 10.9% 2011-2018
Mortality due to Diabetes Reported as any Cause of 0.83 cases per 100,000 | 0.83 cases per 100,000 2010-2017
Death

Disability Adults 65+ 36.7% 34.6% 2010-2017
Mean Recent Mentally Unhealthy Days for Adults 18+ 3.8 Days 4 Days 2011-2018
Overweight or Obesity Among Adults 18+ 63.8% 66.5% 2011-2018
Healthy Weight Adults 18+ 34.5% 31.6% 2011-2018
Prevalence of 2 or More Chronic Conditions for 65+ 69.8% 67.7% 2010-2015
Medicare-enrolled People

6 or More Teeth Lost for Adults 65+ 39.2% 33.7% 2012-2018
Poverty Rate 15.3% 13.4% 2010-2017
Timeliness of Routine Healthcare Checkups Among 62.4% 74.5% 2011-2018
Women 18-44

Current Smoking Among Adults 18+ 21.2% 16.1% 2011-2018

Table 4: Chronic Condition Data Change Summary

Disparities in quality of health, based on race, carry weight in palliative care decisions. The leading causes of death among
the African American/Black American population and the Hispanic/Latinx population were found to be heart disease, cancer, and
accidents (Carratala and Maxwell, 2020). African Americans have the highest mortality rate for all cancers combined among
racial/ethnic groups. Table 5 shows percentage incidence of chronic conditions by race, as reported by the CDC in 2018.

African American/ Hispanic American/

Condition Black American Latinx American Non-Hispanic White
Fair or poor health 14.7% 12.3% 8.3%
Overweight/Obese 72.0% 71.1% 65.3%
Hypertension 32.2% 23.7% 23.9%
Diabetes 13.1% 13.2% 8.6%
Heart Disease 10.0% 8.2% 11.5%
Stroke 3.9% 2.5% 2.6%
Cancer 5.1% 4.2% 9.1%
COPD 4.5% 3.7% 5.0%
AIDS 0.01% 0.02% <0.003%

Table 5: Chronic Conditions Percentage Incidence

A scientific statement for the American Heart Association (Rodriguez et al., 2014), highlighted cardiovascular disease and
stroke among Hispanics/Latinx identified personal beliefs and social issues faced by this population. Among the common problems
were language skills of patients, providers and translators. In addition, there may be cultural traditions such as folk/alternative
medicine, prayer and other rituals that must be respected. Inclusion of family is critical to effective care.

Identification of differences in access to, and utilization of, healthcare by documented and unauthorized Mexican
immigrants (Vargas Bustamante et al., 2012) was studied. Unauthorized immigrants from Mexico are 27% less likely to have visited
a doctor in the previous year and 35% less likely to have a regular doctor than documented Mexican immigrants.
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The increased risk of certain chronic diseases faced by non-white populations has a significant impact on life expectancy
and serves to emphasize the importance of eliminating bias from health care data. Palliative patients must be assessed using the
most relevant data to ensure intervention that improves quality and duration of life. Kaplan-Meier curves will be used to
demonstrate the downstream impact of chronic conditions and other characteristics.

I.  Kaplan Meier Curves

The data gathered for this research, contains as complete a representation of the US population as is possible. From this data, we
have completed analyses to identify related variables and factors that impact the acquisition and quality of palliative care. As noted
previously, this approach allowed potential patients to be grouped in non-standard ways, ensuring that medical, economic and
cultural factors will be taken into consideration.

Health care systems and palliative care practices with patient level data would have the ability to complete multiple
regressions to estimate survival times, and logistic regressions (Miori and Miori, 2010) to estimate survival probabilities. In the
absence of patient level data, survival times and quality of life may still be estimated using Kaplan-Meier curves. Characteristics
more closely identified with each type of patient are defined in Table 6.

Characteristic Definition

Advocacy Presence of a family member/social worker, etc. who advocates for the patient, or a patient who is able to advocate for
themself

Translation Ability of a patient or patient advocate to completely understand information communicated by medical professionals

Insurance Type of insurance coverage (if any) held

Education Level of educational attainment (relative to secondary school)

Employment Level of permanent employment

% of Poverty Level Patient income as a percentage of poverty level, (525,100 based on a family of 4 in the Federal Poverty Guidelines™)

Overall Health Reflects overall health prior to becoming palliative. This factor reflects comorbidities such as Diabetes, Hypertension,
COPD, AIDS, etc. This factor also reflects race and ethnicity, noting that the probability of comorbidities changes by race.

Denial of Need for An individual patient may deny the need for their own care. This may result from a lack of acceptance of an illness of

Own Care potentially cultural, social or ethnic norms.

Table 6: Definitions of Patient Characteristics

Three strata of palliative patients and patient care status are identified in Table 7. In the presence of detail level patient
data, these discrete categories would be more appropriately represented as a smooth continuum. We present these groups at this
time for the purpose of demonstrating procedure. Each Group (I, Il and Ill) represents a likely level of palliative care administration
for populations displaying the associated characteristics in Table 6. With the exception of advocacy and fluency, assighment to a
care group would be determined by the concentration of characteristics. Patients who lack advocacy or are subject to poor medical
fluency, would automatically fall into Group I. An unemployed and uninsured patient, with poor overall health, and less than a
secondary level education, would likely fall into Group | as well. As expected, highly educated patients with strong advocacy,
fluency and private insurance are most likely to fall into Group Il and receive exceptional care.

14 “Federal Poverty Guidelines,” FamiliesUSA, accessed March 15, 2021, https://familiesusa.org/resources/federal-poverty-guidelines/

11



https://familiesusa.org/resources/federal-poverty-guidelines/

THE JOURNAL OF HEALTHCARE ETHICS & ADMINISTRATION

Vol. 7 | No. 2 (Spring/Summer 2021)

Patient Goal Group I: Poorly Defined or Group llI: Possible Discussion of Group Ill: Well Defined
Status/Patient Care Absent Goals/Absence Goals/Adequate Care Goals/Exceptional Care
Status

Advocacy (yes or No) No Yes Yes
Translation Poor Conversant Fluency
Insurance Uninsured Public Insurance Private Insurance
Education Incomplete Secondary Secondary Post-Secondary
Employment Unemployed Under-employed Well Employed

% of Poverty Level 0%-150% 150%-250% >250%

Overall Health Poor Good Excellent

e e s e

Table 7: Characteristics of Palliative Patient Care Groups

Most likely survival times, least expected survival times and longest expected survival times were estimated for each type
of patient.15 We chose the triangular distribution to represent survival time for each group. Being bounded and unimodal, it serves
as a reasonable estimate in the absence of detail patient data, while also serving to effectively demonstrate the procedure. The
most likely survival time is taken as the mode, with the least and most likely survival times being taken as the minimum and the
maximum. The probability density function (pdf) of the triangular distribution is stated in Equation 1.

Let:

Let a = the minimum value
Let ¢ = the most likely (peak) value
Let b = the maximum value

(O x<a
_2G-a) d<x<c
_J—-a)c—a) -

[(b—a)(c—a) c=x
0 x>Db

Using the RAND() function™ in Microsoft Excel and the pdf of the triangular distribution, 250 instances of the triangular
distribution were generated for each group, for a total of 750 patients. When using private patient level detail, the patient survival
time should be modeled using whatever statistical distributions are found to provide the most significant fits.

!> Note that these estimates are intended to provide relativity between the categories and are not intended to be accurate estimates of any single
patient’s condition.
1 RAND() generates pseudo random numbers that fall between 0 and 1.
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The simulated instances served as survival time estimates for each group, and were used to generate and Kaplan-Meier
curves. These curves in Figure 3 clearly demonstrate higher quality of life for longer periods with higher quality palliative care.
Populations that are marginalized due to race, ethnicity, poverty, and other statuses fall into Group | with significantly greater
frequency. It is clear that accessibility to quality palliative care is extremely important and must be more broadly available.
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Figure 3: Kaplan-Meier Curves

Iv. CONCLUSION

In this research, a process was identified that can be broadly applied in the absence of patient level data. The population data and
chronic conditions data were publicly available from primarily the US Census Bureau and the Centers for Disease Control. Though
the data collection was manual, Application Programming Interfaces (APIs) are also available to automate this process.

The data and analysis substantiated the need to build an LHS free from unconscious bias. Rather than simply focus on a
single factor such as race, this research was particularly focused on the intersections that exist among populations, and the
characteristics that serve as indicators of the expected quality of palliative care.

We have demonstrated that identification of marginalized populations requires consideration of intersections of advocacy,
quality translation, race, ethnicity, socio-economic status, cultural characteristics (including denial of need for care), education,
employment, and type of insurances among others. The use of these modifiers allowed for the creation of strata (groups) that
effectively represent marginalized populations across all intersections.

Based on the Kaplan-Meier curves, it is clear that from poor to adequate palliative healthcare has a significant impact on
life span in marginalized populations. LHS algorithms must reflect both conscious and unconscious biases through adequate
representation of marginalized populations.

A. Future Research

Extensions of this research cross multiple areas. The first and most obvious extension is the inclusion of detail level patient data.
Not only would this level of data allow for a further validation of the process, but it would also allow for generation of more
representative statistical distributions of survival and Kaplan-Meier curves. A continuous variable characterization of survival would
eliminate the discrete division of groups in the current analysis and establish greater nuance in the survival expectations.
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Real data will provide a foundation for sizing of the strata. Further, analyses such as multiple regression, logistic

regression, and simulation can be used to predict individual survival time, predict survival rates, and identify bottlenecks and

inequities in palliative care delivery.

Beyond the examination of data, future research includes algorithmic design to identify and resolve inequities and unconscious bias

in the data, ultimately leading to the creation of a Learning Health System focused on palliative care.
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