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redictive models are used in the health care system for both

clinical decision-making and analysis of administrative

or operational data."? These models use large amounts of
historical patient data to make predictions or produce risk scores
related to a variety of diagnoses, outcomes, and behaviors.* For
example, predictive models are applied to anticipate the onset of
sepsis, cardiac events, and kidney disease progression.*® Empirical
analysis of predictive models is typically focused on these types of
clinical applications.”'® However, predictive technologies are also
applied to administrative or operational functions in health care
to predict health service utilization, staffing needs, and patients’
missed appointments,'*? often with the goal of lowering costs and
targeting resource utilization.?

The current regulatory framework for software in health care
focuses on risks to health and safety. Predictive models that fall
on the clinical and critical (ie, high-risk) end of the spectrum are
most likely to be regulated by the FDA."* A model used to diagnose
alife-threatening condition or prescribe a high-risk treatment, for
example, would receive the most oversight.!* On the other end of
the spectrum, models that support administrative functions or
management are generally unregulated. The 21st Century Cures
Act, for example, explicitly excludes models used for health care
management from regulation as medical devices unless the FDA
sees a likelihood of serious health consequences related to their
use.” Given the FDA’s current definitions of risk, administrative
models do not currently receive oversight.”

However, a growing body of literature indicates that administra-
tive models present risks to patients by building barriers to care
or inappropriately restricting access to beneficial programs and
resources.?'® These types of barriers and issues are unaddressed by
current policy. In the context of a generally lax regulatory approach
atthe federal level," it is possible that the exclusion of administra-
tive predictive models from oversight can have additional negative
implications for patient safety and quality care that health systems
will need to account for as they continue to use predictive tools.

In the absence of comprehensive regulation, industry self-
governance has been proposed. In this proposed approach, the
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OBJECTIVES: To understand patient perceptions of specific
applications of predictive models in health care.

STUDY DESIGN: Original, cross-sectional national survey.

METHODS: We conducted a national online survey of

US adults with the National Opinion Research Center

from November to December 2021. Measures of internal
consistency were used to identify how patients differentiate
between clinical and administrative predictive models.
Multivariable logistic regressions were used to identify
relationships between comfort with various types of
predictive models and patient demographics, perceptions
of privacy protections, and experiences in the health

care system.

RESULTS: A total of 1541 respondents completed the
survey. After excluding observations with missing data for
the variables of interest, the final analytic sample was 1488.
We found that patients differentiate between clinical and
administrative predictive models. Comfort with prediction
of bill payment and missed appointments was especially
low (21.6% and 36.6%, respectively). Comfort was higher
with clinical predictive models, such as predicting stroke in
an emergency (55.8%). Experiences of discrimination were
significant negative predictors of comfort with administrative
predictive models. Health system transparency around
privacy policies was a significant positive predictor

of comfort with both clinical and administrative

predictive models.

CONCLUSIONS: Patients are more comfortable with clinical
applications of predictive models than administrative ones.
Privacy protections and transparency about how health

care systems protect patient data may facilitate patient
comfort with these technologies. However, larger inequities
and negative experiences in health care remain important
for how patients perceive administrative applications

of prediction.
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TAKEAWAY POINTS

Objective

This study analyzes patient comfort with predic-
tion to understand whether the current policy

Predictive models are proliferating in health care with the rise of artificial intelligence and

other advanced data analytic approaches. Efforts to ensure patient safety in this context are
focused on clinical applications, such as diagnosis and treatment. However, such efforts are

misaligned with patient comfort.

distinctions between clinical and administrative
models align with patient perspectives. It also
analyzes predictors of comfort with these

» Patients are more comfortable with clinical model applications than administrative ones.

» Transparent privacy policies and experiences of discrimination predict patient comfort with

predictive technologies.

models to empirically identify systematic
variation. The research questions are:

» Oversight of nonclinical prediction in the US health care system is necessary.

health care system would develop best practices and self-monitor for
patient safety, quality, and accuracy.”® Multiple efforts are underway
to establish fairness guidelines and measures of bias to encourage
the industry to adopt standards."”?° However, there is no consensus
on whether or how administrative applications would be managed.
Despite routine calls for the design of patient-centered systems,
there is also a lack of robust evidence on patient perspectives, trust
in these tools, and concerns about their effects.”

Previous examples of data use in health care demonstrate that
policy that is unresponsive to privacy and trust concerns has nega-
tive consequences for patient trust and engagement.? For example,
the revelation that Ascension Health was sharing patient data with
Google led to public outcry and mistrust.” Similarly, the realiza-
tion that patient data were being commercialized by researchers
at Memorial Sloan Kettering Cancer Center through an agreement
with Paige.Al, Inc led to legal review and systemwide revisions of
conflict-of-interest policies after significant public attention.?
Although these commercial partnerships and uses of patient data
were not illegal, they caused concern about patient trust and privacy.
Similarly, applications of prediction that violate patient comfort or
expectations may pose a threat to patient trust or engagement in
data-driven health care.

In addition to public revelations of commercial data sharing,
patient experiences in the health care system may also shape
the quality of the data-driven care they receive. For example,
prior work has identified that patients who have experienced
discrimination while seeking care are more likely to withhold
information from providers than patients who have not experienced
discrimination.?* When patient data are systematically missing
due toviolations of trust or discrimination, the data available on
those patients are of poorer quality and can produce information
technologies that do not perform as well for these patients. This
dynamic of worse data and resulting lower performance of the
tools built with those data has been termed exclusion cycles.”
In these exclusion cycles, patient trust is violated and patients
may withhold their data. The data quality in their medical record
is then comparatively poorer, resulting in lower-quality predictive
outputs. Because predictive models rely on high volumes of patient
data, these exclusion cycles can have increasingly negative impacts
on patients who are already excluded, discriminated against,
and marginalized.

1. Does public comfort differ between clinical
and administrative predictive models?

2. What are the predictors of comfort with
clinical and administrative predictive models?

METHODS

This study uses data from a cross-sectional national survey of
US adults who can speak English. The survey was fielded with
the National Opinion Research Center (NORC) AmeriSpeak Panel
from mid-November to December 2021. A total of 1541 participants
completed the survey. This included oversamples of African
American respondents, Hispanic respondents, and respondents
earning less than 200% of the federal poverty level to ensure
adequate representation of groups typically underrepresented
in research. Upon completion of cognitive interviews (n=17),
the survey was pretested using MTurk (n=550) and pilot tested
with a sample of AmeriSpeak panel participants (n=150). This
process ensured that the definitions and survey questions were
understandable to the public. After excluding observations with
missing data for the variables of interest, the final analytic sample
size was 1488.

Straightforward definitions of key terms such as health care
provider were provided to participants. Definitions were avail-
able to participants as hover-over text each time the term was
mentioned in the survey (eAppendix [available at ajmc.com]).
Participants also viewed a short explanatory video describing
how health information is used in the health care system. As
described elsewhere, the video has been reviewed by experts
in the field, tested, and used in multiple previous surveys.>*¢
Predictive models were defined and described in a short paragraph
(Flesch-Kincaid score 8.7) immediately preceding survey questions
about predictive models (eAppendix). Accessibility and clarity of
the content were confirmed through the cognitive interview and
piloting process.

This study was determined to be exempt by the University of
Michigan Institutional Review Board. Participants were compensated
for their time according to standard NORC remuneration policies.

Measures

The outcome measure for this analysis is comfort with specific
applications of predictive models, spanning regulated and unregulated
categories of predictive models (Table 1). Respondents indicated
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Comfort With Prediction in Clinical Care and Administration

TABLE 1. Measures of Comfort With Predictive Model Applications

TABLE 2. Sample Demographics (n=1488)

1 Models that predict which patients might develop colon cancer Sex

2 Models that predict which patients might miss their appointments Female 740 49.7
3  Models used to diagnose stroke in an emergency Male 748 50.3

4 Models that predict which patients might not pay their medical bills Age in years
5 Models used to determine if a patient is eligible for a kidney transplant 18-29 86 5.8
s Models that predict which patients will develop sepsis 30-44 422 28.4
(a serious blood infection) 45-59 380 255
260 600 40.3

Race/ethnicity

White 915 61.7
their comfortlevel on a 4-point scale (1, not comfortable, to 4, very Hispanic 249 181
comfortable) with each of the 6 predictive model applications listed — p e

on the survey. Model applications were displayed in random order. o
Multiracial and other 60 4.0

The independent variables of interest included patient experiences Asian 39 ”
of discrimination in the health care system. Used in multiple previous Education
surveys, the survey measure is adapted from the Williams major
and everyday discrimination measures.**?° To account for percep- Less than high school 3 26
tions of the health system, a measure of perceived clarity of privacy High school 2% 17.2
policies was also included as an independent variable of interest. Some college 690 ho
For this measure, participants responded on a 4-point scale (1, not Bachelor's degree or more 503 338
true, to 4, very true) to indicate their agreement with the statement, Annual household income

“The privacy policies of my health care system are clear to me.” <$50,000 743 49.9

Covariates include self-reported age in years, a binary measure 2$50,000 18 -1
of sex (male, female), and race/ethnicity (multiracial, Hispanic, ~ ealthinsurance coverage
non-Hispanic Asian, Black, White, and other). Respondents reported No 101 68
their annual household income and personal education level (no Yes 1387 93.2
high school diploma, high school or equivalent, some college, ~ Self-reported health
bachelor’s degree or more). Health-related independent variables Poor to fair 353 23.7
include health insurance status (insured/uninsured), health care Good 633 42.5
utilization in the past 12 months, self-reported health status Very good to excellent 502 337
(poor to very good), previous cancer diagnosis, and experiences Last health care visit
of discrimination in the health care system (yes/no). Longer than 1 year 235 15.8

Within past year 1253 84.2
Analysis Experienced discrimination
Correlations between comfort with all 6 predictive model applica- No 1166 78.4
tions were calculated. Measures of internal consistency (Cronbach Yes 322 21.6
a) were also calculated to identify the degree to which participant Transparent privacy policies
responses indicated that clinical and administrative categories of No 873 58.7
predictive models were valid. Paired t tests were used to analyze Yes 615 /.3
whether there were differences in mean comfort between the Cancer diagnosis [self)
predictive model categories. Comfort with the 2 categories of No 1299 87.3
predictive models (clinical and administrative) was then used to Yes 189 12.7
create composite measures for additional analysis. e —

Multivariable logistic regression models were run on the composite No T4d 50.0
measures of comfort with clinical and administrative models (see Yes 744 50.0
eAppendix for details). Independent variables of interest were
experiences of discrimination and clarity of system privacy policies.

Covariates included self-reported demographics (sex, race/ethnicity,
age), education, income, health care utilization, self-reported
health status, insurance, and previous cancer diagnosis (Table 2).
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FIGURE. Comfort With Predictive Model Applications
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RESULTS

The sample was 49.7% female. Most respondents had either some
college education (46.4%) or a bachelor’s degree or more (33.8%).
Half of respondents reported at least $50,000 in annual household
income (50.1%), and most reported having health insurance (93.2%).
Insured adults were slightly overrepresented in this sample (national
estimate, 91.7%) as were those earning less than $75,000 per year.
Generally, the sample reflects the demographics of the US adult
population, with the additional exceptions of marital status and
home ownership. Participants in this survey were less likely to
be married and more likely to rent their home than the national
population. For more details on how the sample reflects and deviates
from the general US adult population according to the US Census
Bureau Current Population Survey results, see the eAppendix.

Research Question 1: Does Public Comfort Differ
Between Clinical and Administrative Predictive Models?

As depicted in the Figure, discomfort with prediction of bill
payment and missed appointments was very high (78.4% and
63.4%, respectively). This contrasts with participants’ comfort
with clinical predictive models. Comfort was highest with models
used to diagnose stroke in an emergency (55.8%). Comfort with
other clinical predictions was approximately 50%, with 50.6% of
participants reporting comfort with prediction of sepsis and 52.3%
reporting comfort with prediction of colon cancer. Comfort with
prediction for kidney transplant eligibility was 46.5%.

Correlations between comfort with the predictive model types
were calculated. Correlations were high between the clinical
model types (r=0.59-0.73). Administrative model types were
also correlated (r=0.55). For full correlation matrix results, see
the eAppendix. Cronbach a was calculated to determine whether
internal consistency of these measures was high enough to construct

composite measures. The Cronbach a was 0.89 for clinical model
types (colon cancer, kidney transplant, sepsis, and stroke) and 0.71
for the administrative model types (payment and missed appoint-
ments). Both scores are above the acceptability threshold of 0.65
and indicate that composite measures are internally consistent.
Mean comfort with clinical model types was 2.55 (range, 1-4).
For administrative models, mean comfort was 1.96. Results of a
paired t test indicated that these means are significantly different
from each other (P <.001), demonstrating that public comfort is
different for clinical models compared with administrative ones.

Research Question 2: What Are the Predictors of Comfort
With Clinical and Administrative Predictive Models?

To identify individual-level predictors of comfort, bivariable and
multivariable logistic regressions were conducted with (1) binary
measures of comfort with each individual model type and (2) binary
composite measures of comfort with administrative and clinical
models (see eAppendix for full bivariable results). Dichotomized
measures of comfort were created in which responses of not
comfortable and somewhat comfortable with a model were equal
to 0. Responses of fairly and very comfortable were coded as 1.
Composite measures of comfort with predictive models were also
calculated. For each model category (clinical and administrative),
the binary measure of comfort with each model was used. These
composite measures were top coded so that participants who
indicated comfort with all predictive models that compose the
category were coded as 1. All other participants were coded as 0.
In this way, participants who indicated comfort with all 4 clinical
models (colon cancer, kidney transplant, sepsis, stroke) were
considered comfortable with the composite measure. The same
approach was used for the administrative models (payments and
missed appointments).
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Comfort with clinical and administrative models was regressed
on theindependent variables of interest and all covariates (Table 3).
These analyses identified that both independent variables of
interest (experiences of discrimination and transparent privacy
policies) were significant predictors of comfort with both clinical

TABLE 3. Multivariable Logistic Regression of Predictive Model Types

Characteristic

Experienced discrimination

Clinical models

OR

P

Administrative
models

and administrative models. Sex, age, and health insurance coverage No Ref Ref
were significantly associated with comfort with clinical models but Yes 0.85 .27 0.48 .007**
not with administrative models. Transparent privacy policy
Multivariable logistic regressions were run for each individual No Ref Ref
predictive model application (see eAppendix for full results). The Yes 235 <.001%** 168  <.007%**
perceived clarity of health system privacy policies was a significant Sz
positive predictor of comfort with every individual predictive Male Ref Ref
model application. Experience of discrimination was a significant Female 0.74 01 0.77 07
negative predictor of comfort with the administrative models and Age in years
the kidney transplant eligibility prediction model but not with 18-29 Ref Ref
the other clinical predictive models. Having health insurance was
L P . v . v . 8 . W. 30-44 0.75 .25 0.92 .8
significantly and positively associated with comfort with sepsis,
o 45-59 0.51 .01* 0.58 .09
stroke, and colon cancer prediction models.
.. .. . . . 260 0.67 12 0.73 .32
Multivariable logistic regressions were also run with the composite
. Race/ethnicity
measures of comfort as the dependent variables (Table 3). In these
. . . . . o . White Ref Ref
multivariable regressions, experiences of discrimination were
. . . L. . Black 0.88 47 0.76 .25
a negative predictor of comfort with administrative models (OR,
. p_ : P : S Hispanic 1.16 .36 1.27 22
0.48; P=.001). Transparent privacy policies remained significant
positive predictors of comfort with both clinical (OR, 2.35; P <.001) Asian 1.01 98 2.05 07
and administrative models (OR, 1.68; P <.001). As was observed in Other 0.68 23 1.27 51
the bivariable logistic regressions, sex (female: OR, 0.74; P=.01vs Education
male) and age (45-59 years: OR, 0.51; P=.01 vs 18-29 years) were Less than high school Ref Ref
significantly negatively predictive of comfort with clinical models. High school 1.55 .29 1.48 41
Some college 1.78 15 1.15 .76
D I S c U SS I o N Bachelor’s degree or more 2.26 .05 1.43 .45
Annual household income
This study analyzes public comfort with prediction to understand <$50,000 Ref Ref
whether current policy distinctions between clinical and admin- >$50,000 115 26 0.93 45
istrative applications align with patient perspectives. Patients Health insurance coverage
are more comfortable with clinical predictive models than with No Ref Ref
administrative models. We found that transparency of privacy Yes 154 1 0.96 88
policies and experiences of discrimination are important predic- Self-reported health
tors of comfort. In multivariable logistic regression, patients who )
. o . . Poor to fair Ref Ref
have not experienced discrimination while seeking health care
i ) - ) o Good 0.90 48 0.87 46
are more likely to report comfort with administrative predictive
R Very good to excellent 0.84 .29 1.01 94
models than patients who have.
. . L . .. . Last health isit
These results identify that public discomfort with administrative asthesth care visi
models is significantly higher than discomfort with clinical models, Longer than T year Ref Ref
suggesting that current policy is misaligned with patient perspectives. Within past year 0.95 76 138 14
Clinical models, with which patients report higher comfort, receive ~ ¢2ncer diagnosis
oversight, whereas administrative models do not. It is possible that No Ref Ref
the public is more comfortable with clinical prediction because they Yes 1.25 2 1.42 09
perceive or assume that clinicians’ expertise protects them from Family history of cancer
potential harms.*® However, patients may feel more qualified to No Ref Ref
express discomfort or concern related to the use of administrative Yes 1.09 45 1.01 .96
models than with models related to clinical expertise. For example, Ref reference.
a patient may not feel they have the expertise to identify equity *P< 05 **P<.01;***P < 001,
THE AMERICAN JOURNAL OF MANAGED CARE VOL. 30, NO. 1 35



POLICY

or bias issues related to an oncology predictive model. They do,
however, have experience with their hospital’s billing and scheduling
processes. Their experience trying to schedule an appointment
with a specialist or attempting to contact a representative about
a billing error may make potential risks or discomfort with these
models more salient.* Patients have also indicated that they expect
clinicians to understand and manage artificial intelligence.* For
clinical predictive models, this assumption may be engendering
comfort, whereas administrative predictions are removed from
clinician engagement and the assumed protection that offers.

This analysis identifies that patients are least comfortable
with the prediction of bill payment. Prior work has indicated that
patients tend to be uncomfortable with commercial interests in
health care.”® Aggressive debt collection practices and disclosure
of commercialization of health data have elicited strong negative
reactions among patients and the public.’*** The expectation that
patients behave as consumers can contradict aspects of cultural
expectations around the role of medicine.* Thus, the observation of
discomfort with prediction of payment in this analysis is expected.

Predictors of comfort differ for clinical and administrative
prediction models, with one exception. Perception that one’s health
system has transparent privacy policies is positively predictive of
comfort with both model categories. Experiences of discrimination
are predictive of comfort with administrative models only. Prior
literature indicates that patients with cancer or those with a family
history of cancer may be more willing to share their health data and
exhibit more enthusiasm for tools such as precision medicine.*
However, this analysis does not identify that patients with cancer
or with a family history of cancer are more comfortable with the
use of prediction. With the exception of sex and age for comfort
with clinical predictions, self-reported demographic characteristics
are not significantly associated with comfort.

Limitations

The data analyzed here are cross-sectional, limiting the inferences
that can be made about predictors of comfort with prediction. For
example, it is not possible to identify longitudinal relationships
between experiences of discrimination and comfort with predictive
models. Additionally, although experiences of discrimination are
relevant, they capture only interpersonal discrimination rather
than structural inequities that inform how patients experience
the health care system. Although self-reported racial or ethnic
identity can be understood as an indicator of exposure to structural
racism, this is an imperfect measure. Future work will explore
additional structural inequities and measures of structural racism
in relation to comfort with prediction. Future work should also be
more inclusive in addressing gender, rather than self-reported sex,
as well as explicitly including the perspectives of individuals not
identified in our sample, such as Native American and Alaska Native
respondents. Qualitative work will also be necessary to identify why
and how violations of patient comfort may affect patient behaviors
such as withholding information from providers or seeking care.

CONCLUSIONS

This analysis provides empirical evidence of misalignment between
public comfort with predictive models and current regulation, with
implications for federal policy as well as health system practice.
The models that patients are least comfortable with fall outside the
FDA'’s oversight framework. Policies that respond to these concerns
at the health system and federal policy levels will thus be important
as predictive tools proliferate.

Given federal prioritization of engendering trust and confidence
in artificial intelligence and similar tools among the public, the
results of this study are particularly important. Prediction has
multiple implications for patients that are not overtly clinical but
stand to affect patients across the health care system. These issues
of access, equity, and quality are inextricably linked to the clinical
care that patients receive. Regulatory frameworks that seriously
engage with administrative or managerial predictive modeling are
needed to make the system of prediction more patient centered
and equitable. ®
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eAppendix
Term Definitions

My healthcare system
"Your healthcare system" refers to the healthcare professionals and institutions that you
personally interact with when getting health care.

The healthcare system
"The healthcare system" refers generally to the healthcare system in this country.

Healthcare providers
Health care providers include people such as doctors and nurses who provide medical treatment.

Electronic health record

A digital version of your paper chart or medical record. An electronic health record contains your
medical and treatment history including diagnoses, medications, treatment plans, immunization
dates, allergies, radiology images, and laboratory and test results.

Health information

Health information includes information about you and your medical treatment history including
diagnoses, medications, treatment plans, immunization dates, allergies, radiology images, and
laboratory and test results.

Predictive Models

Predictive models use information about you, and other people like you, to predict what you
might want or do in the future. For example, Netflix predicts what you might watch based on
the movies you have already watched. Amazon looks at what you have bought, and what other
people buy, to guess what you might buy next.

Predictive models are also used in healthcare. They can help a doctor anticipate if you are at
high risk of an allergic reaction. They can help identify the most effective treatments for you
based on information about you and other patients like you. Predictive models can also help
health systems decide how many patients to schedule based on whether people have missed

their appointments in the past.




Correlations

Correlation matrix of comfort with each predictive model

Colon Kidney Sepsis Stroke Payment Missed
cancer transplant appointment

Colon cancer 1

Kidney transplant | 0.586 1

Sepsis 0.697 0.711 1

Stroke 0.734 0.610 0.677 1

Payment 0.199 0.266 0.239 0128 1

Missed 0.360 0.308 0.327 0.270 0.547 1

appointment




Sample

APER NORC .
@m iniutive CARD Final Report
Longitudinal Survey of ~ Panel Outcomes
- - Weighted HH Weighted HH
Epldemlology Wave 2 RecruitmentRate  Retention Rate

December 13, 2021
Survey Overview

21.7% 78.4%
Study Population: Completes from W1
Sample Units: 2132
Completed Units: 1541
Expected Eligibility Rate: 100% Su rvey Outcomes
Observed Eligibility Rate: 100% Survey Weighted Cumulative

Margin of Error: £3.44 percentage points (pp)

Avg. Design Effect: 1.9

Survey Field Period: October 18, 2021 - November 12, 2021
Median Duration (minutes): 15

Prepared for: University of Michigan 72.3% 12.3%

Completion Rate Response Rate

Benchmark Comparisons
Unweighted Weighted Benchmark Difference 2 g Difference g

(%) (%) (%) (pP)

Household Income !

Less than $29,999 28.6 24.3 16.1 8.2 —

$30,000 to $74,999 40.4 41.6 30.2 11.4 —

$75,000 to $124,999 19.9 21.7 23.7 -2.0

$125,000 Plus 11.2 12.4 29.9 -17.5
Member Age

21 - 34 15.2 24.6 25.7 -1.1

35 -49 26.1 26.5 25.4 1.1 ]

50 - 64 29.6 26.4 25.7 0.7 ]

65 Plus 29.1 22.5 23.1 -0.6
Member Race/Ethnicity

White 61.1 63.1 63.1 0.0

Black 14 11.9 11.9 0.0

Hispanic 18.3 16.4 16.4 0.0

Asian/Pacific Islander 2.6 4.1 6.5 -2.4

Others 4 4.5 2.1 2.4 n
Member Education Status

Less than High School 2.9 7.9 8.8 -0.9

High School Equivalent 16.9 28.8 28.0 0.8 ]

Some College/Associate Degree 46.6 26.6 26.5 0.1

Bachelor's Degree 19.3 22.1 23.3 -1.2

Graduate Degree 14.3 14.7 13.5 1.2 ]
Household Ownership

Owner Occupied 66.1 65.8 69.5 -3.7

Renter Occupied/Other 33.9 34.2 30.5 3.7 -
Children in Household

With 1+ Under 18 Years 30 31.4 31.9 -0.5

Without Children Under 18 70 68.6 68.1 0.5
Household Marital Status

Currently Married 49.7 48.5 54.3 -5.8

Currently Single 50.3 51.5 45.7 5.8 -
Sex

Male 49.6 48.2 48.4 -0.2

Female 50.4 51.8 51.6 0.2

1Racv:/Fumicily, Household Ownership, Income, Education, Number of Children, Marital Status, Gender, and Geographic Region benchmarks are from the March 2021 Census Bureau Current
Population Survey. 2 The difference between the Weighted and Benchmark columns. 3 21+ General Population



Bivariable regressions

To answer research question two, bivariable and multivariable logistic regressions were
conducted. Bivariable logistic regressions of comfort with each model category were conducted
with the independent variables of interest (experiences of discrimination and privacy) and
covariates described above. Six multivariable logistic regression models were run to identify

individual-level predictors of comfort with each predictive model.

Bivariable logistic regressions of comfort with predictive models by type

Clinical models Administrative models
Odds Ratio | p-value Odds Ratio | p-value
Experienced discrimination
No ref. ref.
Yes 0.75 0.04* 0.44 <0.001***
Transparent privacy policy
No ref. ref.
Yes 2.27 <0.001*** 1.7 <0.001***
Sex
Male ref. ref.
Female 0.79 0.03* 0.78 0.08
Age
18-29 ref. ref.
30-44 0.75 0.24 0.92 0.78
45-59 0.55 0.02* 0.6 0.1
60+ 0.78 0.3 0.88 0.66
Race/ethnicity
White ref. ref.
Black 0.82 0.26 0.69 0.11
Hispanic 1.03 0.86 1.17 0.39
Asian 1.02 0.96 1.96 0.07
Other 0.62 0.13 1.12 0.75
Education
Less than high school ref. ref.
High school 1.33 0.48 1.3 0.58
Some college 1.48 0.32 0.95 0.92
BA or more 1.91 0.1 1.26 0.61
Annual household income
<$50,000 ref. ref.
At least $50,000 1.19 0.12 0.97 0.74
Health insurance coverage
No ref. ref.
Yes 1.75 0.02* 1.08 0.78




Self-reported health

Poor to fair ref. ref.

Good 0.1 0.97 0.93 0.7
Very good to excellent 1.01 0.94 1.19 0.35
Last healthcare visit

Longer than one year ago ref. ref.

Within past year 1.06 0.78 1.29 0.21
Cancer diagnosis

No ref. ref.

Yes 1.32 0.08 1.44 0.06
Family history of cancer

No ref. ref.

Yes 1.11 0.35 0.99 0.95




Multivariable logistic regressions of comfort with each predictive model application

OR, p-value
Stroke Colon cancer Sepsis Kidney transplant | Missed Bill payment
appointment

Experienced
discrimination
No ref. ref. ref. ref. ref. ref.
Yes 0.87 | 0.31 0.98 | 0.87 0.88 | 0.38 0.71 | 0.01* 0.64 | 0.002** 0.57 | 0.002**
Transparent privacy
policy
No ref. ref. ref. ref. ref. ref.
Yes 1.87 | <0.001*** | 2.4 |<0.001*** |2.21 | <0.001*** | 2.0 |<0.001*** | 2.0 |<0.001*** |1.76 | <0.001***
Sex
Male ref. ref. ref. ref. ref. ref.
Female 0.82 | 0.08 0.81 | 0.06 0.78 | 0.03* 0.9 |0.31 0.81 | 0.07 0.81 | 0.12
Age
18-29 ref. ref. ref. ref. ref. ref.
30-44 0.89 | 0.62 0.64 | 0.08 0.56 | 0.02* 0.67 | 0.1 1.33 | 0.29 0.98 | 0.93
45-59 0.6 | 0.04* 0.4 | <0.001*** | 0.35 | <0.001*** | 0.51 | 0.008** 1.01 | 0.97 0.64 | 0.14
60+ 0.93 | 0.77 0.56 | 0.03* 0.48 | 0.005** 0.58 | 0.03* 1.28 | 0.36 0.73 | 0.29
Race/ethnicity
White ref. ref. ref. ref. ref. ref.
Black 0.92 | 0.6 1.07 | 0.68 1.05 | 0.78 0.99 | 0.93 0.85 | 0.36 1.02 | 0.93
Hispanic 1.07 | 0.64 1.07 | 0.65 0.95 | 0.75 1.02 | 0.89 1.08 | 0.62 1.21 | 0.29
Asian 1.45 | 0.29 1.23 | 0.55 1.2 0.6 1.18 | 0.63 1.62 | 0.17 3.04 | 0.002**
Other 0.91 | 0.74 0.87 | 0.63 0.55 | 0.04* 0.83 | 0.52 0.85 | 0.6 1.2 |0.58
Education
Less than high ref. ref. ref. ref. ref. ref.
school
High school 0.61 | 0.18 1.08 | 0.83 0.85 | 0.65 0.89 | 0.75 0.93 | 0.84 1.07 | 0.87
Some college 0.66 | 0.24 1.14 | 0.71 0.94 | 0.87 0.92 | 0.81 0.81 | 0.55 0.85 | 0.67




BA or more 09 |0.77 1.51 | 0.25 1.25 | 0.53 1.19 | 0.61 1.0 |0.99 0.86 | 0.71
Annual household

income

<$50,000 ref. ref. ref. ref. ref. ref.

At least $50,000 1.14 | 0.26 1.25 | 0.06 1.3 |0.03* 1.11 | 0.34 1.12 | 0.31 0.97 | 0.8
Health insurance

No ref. ref. ref. ref. ref. ref.

Yes 1.7 |0.02* 2.07 | 0.002** 1.67 | 0.03* 1.33 | 0.21 0.84 | 0.44 1.06 | 0.82
Self-reported health

Poor to fair ref. ref. ref. ref. ref. ref.

Good 0.86 | 0.27 0.92 | 0.56 0.98 | 0.86 1.02 | 0.88 1.14 | 0.38 0.87 | 0.42
Very good to 0.81 | 0.16 0.84 | 0.25 0.95 | 0.73 0.92 | 0.57 1.14 | 0.41 1.01 | 0.97
excellent

Last healthcare visit

Longer than one ref. ref. ref. ref. ref. ref.

year

Within past year 1.12 | 0.48 2.4 |<0.001*** | 1.05 | 0.77 1.15 | 0.37 1.29 | 0.05 1.23 | 0.29
Cancer diagnosis

No ref. ref. ref. ref. ref. ref.

Yes 1.41 | 0.05 1.35 | 0.08 1.27 | 0.16 1.17 | 0.34 1.25 | 0.2 1.56 | 0.02*
Family history of

cancer

No ref. ref. ref. ref. ref. ref.

Yes 1.19 | 0.12 1.25 | 0.04* 1.31 | 0.01* 1.11 | 0.33 1.02 | 0.86 0.92 | 051
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