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Abstract

Using Health Economics Tools to Enhance the Clinical Utility of Artificial Intelligence-Based
Diagnostics: A Case Study in Breast Cancer Screening

Nathaniel Hendrix

Chair of the Supervisory Committee:
David L. Veenstra
Professor
Department of Pharmacy

Researchers in artificial intelligence (Al) have recently produced several products for medical
diagnosis that perform at the same level as human clinicians. Artificial intelligence products will
also need to be developed that will be trusted by clinicians and are known to produce positive
effects in patients. One important area where Al may be applied is breast cancer screening
which, despite its benefits, currently harms many women through false positives and
overdiagnosis. This dissertation involved the use of two tools from health economics — discrete
choice experiments and outcomes modeling — to solve translational issues affecting Al, all in the
setting of breast cancer screening. In the first aim, we assessed primary care providers’ (PCPs’)
preferences for a hypothetical Al system for mammogram interpretation. We used qualitative
interviewing to develop a discrete choice instrument, which we administered online to ninety-
one PCPs from around the United States. While advances in improving Al’s diagnostic accuracy
were important to respondents, they also reported valuing the diversity of training data and
understandability of Al decision-making. The surveyed PCPs were broadly accepting of using Al
to “triage” likely negative screens, so that radiologists do not need to interpret every image. In
the second aim, we used outcomes modeling to compare the performance of 28 Al algorithms
that had been developed for breast cancer screening. We first performed receiver operating
characteristic (ROC) curve analysis to get a conventional metric (area under the curve) for model
comparison. We then used a model of breast cancer screening and outcomes to estimate the
quality-adjusted life years (QALYs) associated with using each model at its optimal operating
point. These outcomes were compared with the outcomes associated with using two other
methods of operating point selection — Youden’s index and decision curve analysis. Outcomes
modeling ranked algorithms in the same order as area under ROC curve and did not produce
substantially different outcomes at the QALY -optimizing operating point compared to the use of
decision curve analysis. This suggests that outcomes modeling may be most useful in model
comparison and operating point selection when detailed data including case heterogeneity is
available.
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Chapter 1. INTRODUCTION

Artificial intelligence (Al) has the potential to solve many pressing problems in medicine.
Its scalability means that high-quality medical care can be made more accessible at a lower cost.*
It is also immune to fatigue and burnout, which can lead to medical errors.? The past decade’s
advances in neural networks have meant that image analysis is now a feasible task for Al.2 These
advances have, in turn, led to the United States Food & Drug Administration’s approval of several
Al-based technologies for diagnosis.* We designed this dissertation’s two aims to solve unresolved
translational issues in Al with the tools of health economics so that AI’s benefits can be made
available to patients as soon as possible.

The first aim is a discrete choice experiment (DCE) designed to test primary care providers’
(PCPs’) preferences for different attributes of hypothetical Al systems for use in breast cancer
screening. We first used qualitative interviewing with four PCPs to determine which attributes
should be included in the experiment. We then constructed an instrument, validated it and
optimized its presentation with four user interviews, and administered it online to a national sample
of PCPs from university-affiliated practices. Each respondent’s choices were recorded for a series
of fifteen tasks that comprised a choice between two Al products and screening by radiologist
alone. The respondents’ choices reveal the relative importance of each attribute of Al as well as
how good an Al would need to be in order to recommended over radiologist alone. We analyzed
these choices using two methods: first, we used a random parameters logit model to control for the
heterogeneity of preferences among our sample; then, we used a latent class model to explain that
heterogeneity by assigning each respondent into a number of classes that describe decision-making
strategies.

One potential benefit of Al for breast cancer screening over radiologists is its flexibility.
We can shift AI’s “operating point” between positive and negative screens such that it optimizes
patient outcomes, accommodates different risk preferences, or better suits different populations.
Conventional methods of selecting this operating point are generally grounded in heuristics that
do not consider all of the complexities that an outcomes model can. In this aim, we compared
outcomes modeling to two methods of operating point selection and one method of model

performance comparison in order to assess the potential effects on patient outcomes of 28 Al
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mammogram interpretation models that were submitted to a contest. We compared the ranking of
maximum quality-adjusted life years (QALYSs) from each model to the ranking by area under the
receiver operating characteristic curve for model comparison. We then compared the QALY's
gained at the operating point selected by outcomes modeling versus Youden’s index and decision

curve analysis.>®



Chapter 2. ARTIFICIAL INTELLIGENCE IN BREAST CANCER
SCREENING: PRIMARY CARE PROVIDER
PREFERENCES

The capacity of breast cancer screening (BCS) to reduce cancer mortality has been well-
proven.’ Its high false positive rate, however, means that participating women have a substantial
probability of undergoing unnecessary medical care.®° Using artificial intelligence (Al) to
interpret screening mammograms has been proposed as a way of lowering the false positive rate
while maintaining the benefits of BCS to cancer mortality.!*!? The US Food & Drug
Administration’s first approval of AI BCS took place in 1998 for a technology called computer-
aided detection, which later studies revealed to be ineffective in clinical settings.**'® Recent
advances in Al BCS such as convolutional neural networks and deep learning have led to the
approval of a new generation of algorithms that promise to detect more cancers, reduce radiologist
burden by triaging negative screens out of their workflow, and to predict future cancer risk.*16:

Despite the current environment of optimism around Al BCS, substantial challenges with
its integration into the clinic remain unsolved. For example, some of the most advanced methods
in Al produce results without any understandable interpretation of how it arrived at them,
potentially lowering trust and exposing clinicians to liability for errors.3!® The quality of trials for
clinical Al has been low, perhaps exacerbated by the fact that these trials are not required for FDA
approval.?% Finally, with many Al developers focusing on the availability of data rather than its
representativeness, Al may exacerbate existing health disparities.?!?? For these reasons and more,
simply improving Al’s accuracy to match or exceed that of human clinicians is only a first step in
its implementation.? Gaining the trust of multiple stakeholders from clinicians to patients, payers,
and regulators is essential before the promised benefits of Al BCS can reach patients.?*

In order to understand how Al developers can best meet the needs of one key stakeholder,
we sought to quantify the relative importance of different attributes of Al BCS to primary care
providers (PCPs) who commonly order screening mammography. We conducted a discrete choice
experiment (DCE) among PCPs using hypothetical Al BCS algorithms with a range of different
performance characteristics. Discrete choice experiments are used to quantify the strength of
stakeholders’ preferences for different attributes of a technology, and their results can be applied
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to cost-effectiveness analyses, research prioritization, and regulatory decisions.?>?® We chose to
focus on PCPs because patients often make breast cancer screening decisions with their PCPs. Our
hypothesis was that sensitivity (ability to detect additional cancers) and the understandability of
decisions made by Al would be the most important attributes to ordering PCPs.

2.1 METHODS

We used a DCE to quantify PCP’s preferences for attributes of Al BCS by presenting them
with a series of choices between two hypothetical Al products and screening by radiologist alone.
We first used qualitative interviewing to determine what the most important attributes are, then
constructed choice questions following an experimental design including those attributes, and
distributed the DCE as part of a survey to a sample of PCPs from across the US. We analyzed
responses in two ways: first, with a random parameters logit model to control for preference
heterogeneity on an individual level, and then with a latent class model to account for heterogeneity
by assigning respondents to classes of similar decision makers. The study was approved by the
University of Washington Human Subjects Division.

2.1.1 Instrument Development

We conducted a literature search to identify candidate attributes and levels for the
hypothetical products described in the DCE, which we then refined through a series of four
qualitative interviews with PCPs. The final set of six attributes included sensitivity, specificity,
radiologist involvement, understandability of Al decision-making, supporting evidence, and
diversity of training data. These attributes are shown with their respective levels in Table 2.1. In
order to provide a basis of comparison to participants, we included notes next to the sensitivity and
specificity attributes indicating that the average U.S. radiologist misses approximately 15% of
cancers and has an 11% false-positive rate.?’



Table 2.1. Attributes and levels from the discrete choice experiment

Attribute Levels

Sensitivity e Misses 6% of cancers
e Misses 11% of cancers
e Misses 15% of cancers

Specificity e 6% of women without cancer receive a false positive
e 11% of women without cancer receive a false positive
e 15% of women without cancer receive a false positive

Radiologist e All images reviewed by radiologist
involvement e 30% of images most likely to contain cancer reviewed by radiologist
e No images reviewed by radiologist

Transparency of e Decision-making rationale understandable by clinicians
artificial intelligence | o  Decision-making rationale understandable by Al experts only
(Al) decision-making | §  pecision-making rationale not understandable

Supporting evidence | ¢ Supported by both observational data and randomized controlled trial
(RCT)

e Supported by RCT

e Supported by observational data

Diversity of training | ¢  50% of patients are well-represented in data
and validation data | o 759 of patients are well-represented in data
e 100% of patients are well-represented in data

Following the identification of the final set of attributes, pretest interviews were conducted
with a separate sample of four PCPs to ensure that the content was presented in an understandable
fashion. We then constructed a DCE comprising 15 choice tasks, each presenting two hypothetical
BCS alternatives defined by varying levels of the six attributes such that the participant must trade
off better performance on some attributes for worse performance on others. The levels in each
alternative for each choice task were determined by an experimental design developed in SAS 9.4
(Cary, North Carolina) using D-efficiency criteria that maximize the information gathered by the
DCE.ZS’ZQ

Users had the opportunity to indicate after each choice task whether they preferred
mammography interpretation by radiologist alone to both Al-based products described in the

choice task, thereby allowing us to estimate the desirability of the status quo relative to the
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introduction of Al. To control for excluded attributes, participants were asked to imagine that all

alternatives cost the same and that all positive screens followed the same pattern of diagnostic

work-up. Figure 2.1 contains a sample task from the DCE.

Which artificial intelligence-based product would you say is O Product A

better?

* must provide value

O Product B

reset

Product characteristic

Product A

Product B

Sensitivity (radiologists miss 15% of cancers)

Misses 15% of cancers

Misses 6% of cancers

Specificity (11% of women without cancer
receive a false-positive with radiologist)

6% of women without cancer receive false-
positive

15% of women without cancer receive
false-positive

Radiologist involvement

Radiologist confirms all screens

30% of mammograms determined by
artificial intelligence to be most likely to
contain cancer sent for radiologist
confirmation

Supporting evidence

New product with supporting evidence
from both observational data analysis and
RCT

New product with supporting evidence
from RCT

Transparency of decisions by artificial
intelligence

Decision-making by artificial intelligence
is transparent and understandable by
clinicians

Decision-making by artificial intelligence
is understandable only by experts in
artificial intelligence

Representativeness of training and validation
data

50% of your patients are well-represented
in the training and validation data

75% of your patients are well-represented
in the training and validation data

Which would you recommend to your patient?

* must provide value

O Your preferred artificial intelligence product above

O Screening by radiologist alone

reset

Figure 2.1. A sample task from the discrete choice experiment

2.1.2  Study Population

Physicians and nurse practitioners working as PCPs were recruited for qualitative and

pretest interviews from a convenience sample of the authors’ professional networks. We calculated

a minimum sample size of 30 for estimating main effects in the DCE.3® We randomly selected 350

physician and nurse practitioners working as PCPs around the US to receive a mailed invitation to

take part in the internet-based DCE. The names and work addresses of potential participants were

gathered from the websites of university-affiliated practices, which we identified using a search

engine. Snowball recruitment was also allowed.



2.1.3  Statistical Analysis

The outcome of interest in our statistical analysis was the impact of each attribute level on
the probability that PCPs would recommend Al-augmented screening over screening by
radiologist alone. We first used a random parameters logit model, which controls for the
heterogeneity in respondents’ preferences. These preferences, in turn, indicate the amount of value
a given individual derives from a change in the level of one or more attributes. We included in the
regression an alternative-specific constant for the option to recommend radiologist alone. This was
intended to account for unobserved attributes associated with screening by radiologist alone and
to test for status quo bias. All attributes of each alternative were modeled as categorical variables
using effects coding.

We next used a latent class model to identify latent preference segments in the data. The
latent class model allows us to explain the heterogeneity that had been controlled for in the random
parameters logit model3! We began with a 2-class model and increased the number of classes until
the model no longer converged. The model included the same utility specification as the random
parameters logit model, plus the respondent-level covariates collected in the demographic
questions after the DCE. Both regressions were conducted in Stata 16.1 (College Station, Texas).

We calculated the relative importance of each attribute by subtracting the coefficient of the
least-preferred level for that attribute from the coefficient of the most-preferred level of that
attribute. Then, each difference was divided by the sum of differences for all six attributes to arrive
at a percentage describing relative importance.

We modeled baseline preference for Al in both regressions with the following formula:

Pr(AD = 15

where ASC is the coefficient of the alternative-specific constant for recommending
radiologist alone 3>%
The influence of each attribute on the willingness to recommend Al-based screening was

tested by entering their respective coefficients, one-by-one, into the following formula:

Prial) = e

where 3 is a coefficient from the regression results. We report from the random parameters

logit model the difference in willingness to recommend Al-augmented screening versus screening
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by radiologist alone based on attribute levels. From the latent class model, we report the relative

importance to each class of each attribute.
2.2 RESULTS

2.2.1  Participants

Ninety-one PCPs responded to the survey.** Among these, 22 responded to mailed
invitations, and 69 took part in response to snowball sampling. An overall response rate cannot be
calculated due to the use of snowball sampling, but 6% of recipients of mailed invitations had
responded before we closed data collection. Respondents had a mean of 8.8 (standard deviation:
9.8) years of clinical practice. A plurality (44.0%) was from the Western US region, and a majority
(62.6%) identified as female. Generally, respondents expressed a neutral attitude toward
technology with 60 (65.9%) describing themselves as using technology when others around them
do. They reported mostly positive experiences working with radiologist colleagues. Asked about
the ease of following up on questions with a radiologist, 73 (80.2%) said that it was somewhat or
very easy. Similarly, 82 (90.1%) reported having a somewhat or very high level of trust in their

radiologist colleagues. Detailed respondent characteristics are available in Table 2.2.



Table 2.2. Respondent characteristics (n = 91)

Parameter n (%)
Attitude toward technology

1 love new technology... 3(3.3)%

1 like new technology ... 19 (20.9%)

| use technology when others around | 60 (65.9%)

me do

I am usually one of the last to use a 6 (6.6%)

new technology

1 am skeptical of new technology... 3 (3.3%)
Ease of contacting radiologist colleagues

Very easy 37 (40.7%)

Somewhat easy 36 (39.6%)

Neither easy nor difficult 9 (9.9%)

Somewhat difficult 9 (9.9%)

Very difficult 0 (0%)
Trust in radiologist colleagues

Very high 39 (42.9%)

Somewhat high 43 (47.3%)

Moderate 8 (8.8%)

Somewhat low 1 (1.1%)

Very low 0 (0%)
Region

Midwest 24 (26.4%)

Northeast 10 (11.0%)

South 17 (18.7%)

West 40 (44.0%)
Gender

Female 57 (62.6%)

Male 33 (36.3%)

Other 1(1.1%)
Years of clinical practice Mean: 8.8 (Range: 0 — 44)

Two respondents (2.2%) always selected the alternative with higher sensitivity, and one
respondent (1.1%) always selected the alternative with higher specificity. Four (4.4%) participants
always chose radiologist alone over both Al products.

2.2.2 Effect of Al Attributes on Screening Recommendation

We found in the random parameters logit model that the attribute most likely to decrease

PCPs’ willingness to recommend Al was a lack of improvement in sensitivity over radiologist
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alone: this reduced the probability of recommending Al by 0.36 (95% confidence interval (CI):
0.31 to 0.38). Improving sensitivity by 9 percentage points over radiologist alone, on the other
hand, was the attribute that most increased willingness to recommend Al. This attribute was
associated with an increase of 0.36 (95% CI: 0.29 to 0.42) in the probability of recommending Al.

The changes in probability of recommending Al associated with all attributes can be seen
in Figure 2.2, with full regression coefficients available in Table 2.3. Respondents were equally
likely to recommend an Al-based product if all its decisions were double-checked by a radiologist
and if the Al alone interpreted negative screens without a radiologist ever examining the images.
Finally, supporting Al-augmented screening with both observational studies and randomized

controlled trials was not preferred over randomized controlled trials alone.

B 85% sensitivity I—’—|
Sensitivity 89% sensitivity - }—3—1
L 94% sensitivity - I—H
B 85% specificity }—E
Specificity 89% specificity - E—(
No involvement E
Radiologist ) .
involvement Confirms positive screens E|—|
Confirms all screens 4 E—(
B Not understandable - E
Transparency of Understandable to | |_[_|
ision- i Al experts
Al decision-making Underslandal?le | j_'
clinicians
— Observational A }—E
Supporting RCT- [
evidence )
RCT and observational E—{
B Low diversity - I—E
Diversity of " ; [
Medium diversity - —
training data Y
High diversity - 4’-'-(
-0.4 -0.2 0.0 0.2 0.4

Change in probability of recommending artificial intelligence

+«— [ower probability Higher probability

Figure 2.2. Change in probability of recommending artificial intelligence (Al)-augmented
breast cancer screening over radiologist alone, given different performance attributes of the Al

product.
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Table 2.3. Coefficients (with 95% confidence intervals) from the random parameters logit

and 3-class latent class models

Attribute

Random Parameters
Logit Model

Latent Class Model

Class 1: “Sensitivity
First”

Class 2: “Against Al
Autonomy”

Class 3: “Uncertain
Trade-Offs”

Radiologist alone
(alternative-specific
constant)

-0.32 (-0.65 to 0.02)

0.74 (0.45 to 1.04)**

0.51 (-0.12 to 1.13)

0.97 (0.70 to 1.24)*

85% Sensitivity

-1.38 (-1.70 to -1.06)**

-1.73 (-2.10 to -1.37)**

-1.21 (-1.83 to -0.60)**

-0.58 (-0.92 to -0.25)**

89% Sensitivity

0.08 (-0.10 t0 0.27)

0.21 (-0.07 t0 0.49)

0.34 (-0.21 t0 0.90)

-0.12 (-0.41 10 0.17)

94% Sensitivity

1.30 (1.09 to 1.51)*

1.53 (1.32 to 1.74**

0.89 (0.54 to 1.25)**

0.70 (0.42 to 0.98)**

85% Specificity

-0.93 (-1.14 t0 -0.72)*

-0.66 (-0.90 t0 -0.43)**

-1.19 (-1.59 t0 -0.79)**

-0.59 (-0.90 t0 -0.29)**

89% Specificity

0.19 (0.05 to 0.33)*

-0.05 (-0.29 to 0.18)

0.04 (-0.34 t0 0.43)

0.26 (-0.03 to 0.55)

94% Specificity

0.75 (0.53 to 0.96)**

0.71 (0.45 to 0.98)**

1.15 (0.55 to 1.76)**

0.33 (0.08 to 0.58)*

No radiologist
involvement

-0.75 (-0.98 to -0.53)**

-0.30 (-0.55 to -0.04)*

-1.52 (-2.03 to -1.01)**

-0.78 (-1.09 to -0.46)**

Radiologist confirms
likely positives

0.34 (0.16 to 0.52)*

0.29 (0.08 to 0.50)*

0.23 (-0.10 to 0.56)

0.30 (0.00 to 0.59)

Radiologist confirms all
screens

0.41 (0.18 to 0.64)*

0.01 (-0.23 to 0.24)

1.29 (0.71 to 1.87)*

0.48 (0.21 to 0.75)*

No transparency

-0.77 (-0.98 to -0.56)**

-0.60 (-0.87 to -0.33)**

-0.79 (-1.23 t0 -0.35)**

-0.67 (-1.00 to -0.34)**

Understandable to Al
experts only

-0.02 (-0.18 t0 0.13)

-0.09 (-0.29 to 0.12)

0.13 (-0.19 to 0.45)

0.04 (-0.23 t0 0.31)

Understandable to
clinicians

0.79 (0.56 to 1.01)*

0.68 (0.41 to 0.95)*

0.65 (0.18to 1.12)*

0.63 (0.35 to 0.92)**

Observational data

-0.82 (-1.02 t0 -0.62)**

-0.77 (-1.04 to -0.51)**

-0.82 (-1.23 t0 -0.42)**

-0.63 (-0.96 t0 -0.30)**

Randomized controlled
trial (RCT)

0.42 (0.24 to 0.60)**

0.49 (0.24 to 0.74)*

0.76 (0.08 to 1.44)*

0.05 (-0.23 to 0.33)

RCT + observational
data

0.40 (0.22 to 0.59)**

0.28 (0.07 to 0.49)*

0.07 (-0.30 to 0.44)

0.58 (0.29 to 0.86)**

Low diversity

-0.57 (-0.72 to -0.41)**

-0.37 (-0.58 0 -0.15)**

-0.32 (-0.63 t0 0.00)

-0.90 (-1.26 10 -0.55)*

Medium diversity

-0.03 (-0.21 to 0.15)

-0.25 (-0.50 to 0.00)

-0.22 (-0.83 t0 0.39)

0.30 (0.01 to 0.59)*

High diversity

0.59 (0.39 to 0.80)**

0.62 (0.34 to 0.89)**

0.54 (-0.09 t0 1.17)

0.60 (0.30 to 0.91)**

Class membership

Class 1: “Sensitivity

Class 2: “Against Al

Class 3: “Uncertain

First” Autonomy” Trade-Offs”
Practice years 0.15 (0.03 to 0.27)* 0.10 (-0.05 to 0.24) Ref.
Negative (versus
neutral or positive) -28.16 (-74.22 to -15.00 (-23.47 to - Ref
attitude toward new 17.90) 6.53)** ’
technologies
Moderate to high
(versus low) difficulty in ) . :
contacting radiologist 0.68 (-2.48 t0 1.12) 0.44 (-1.81 to 2.68) Ref.
colleagues
Moderate to high
(versgs IOV\.') Ieyel of 39.41 (incalculable CI) 7.66 (incalculable CI) Ref.
trust in radiologist
colleagues
Urban (versus rural) 002 (1.64101.68) | -0.64 (-2.871t01.59) Ref.
practice environment
?gg‘(’)"s“ (versus West) -2.63 (-4.4110-0.84)* | -0.46 (-2.85 t0 1.93) Ref.
Northeast (versus
West) region -2.11 (-4.58 t0 0.36) 0.05 (-2.84 t0 2.94) Ref.
rse%‘fg:] (versus West) 10.32 (0.12 to 20.51)* | 15.50 (7.41 to 23.58) Ref.
Female -2.85 (-4.95 to -0.75)* -2.35 (-5.16 to 0.45) Ref.
Goodness of Fit
Log-likelihood -1051.4 -1031.8
AlIC 2154.9 2185.8
BIC 2391.1 2545.9
R-squared 0.109 0.156
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2.2.3 Classes of Decision Makers

We successfully modeled 2- and 3-class versions of the latent class model; the 4-class
version did not converge. Both operational models had similar goodness-of-fit, but the 3-class
model offered more information. Thus, we present the relative importance of attributes for the 3-
class model here (Figure 2.3). The regression coefficients for both models and relative importance
of attributes for the 2-class model are in Table 2.4.

Sensitivity —_—
Specificity e
Transparency —
Supporting data e |
Diversity

Radiologist involvement —

0% 5% 10% 15% 20% 25% 30% 35% 40% 45%

Class 1 'Sensitivity First' (45%) Class 2: 'Against Al Autonomy' (24%) Class 3: 'Uncertain Trade-Offs' (31%)

Figure 2.3. Change in probability of recommending artificial intelligence (Al)-augmented
breast cancer screening over radiologist alone, given different performance attributes of the Al
product.
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Table 2.4. Coefficients (with 95% confidence intervals) from the 2-class latent class model

Attribute

Latent class model

Class 1: “Sensitivity First”

Class 2: “Uncertain Trade-Offs”

Radiologist alone (alternative-
specific constant)

0.55 (0.32 to 0.78)**

0.93 (0.68 to 1.19)**

85% Sensitivity

-1.46 (-1.75 to -1.17)*

-0.53 (-0.58 to -0.21)**

89% Sensitivity

0.21 (-0.02 t0 0.43)

-0.14 (-0.42 to 0.14)

94% Sensitivity

1.25 (1.09 to 1.42)*

0.67 (0.40 to 0.95)**

85% Specificity

-0.77 (-0.94 to -0.61)*

-0.60 (-0.90 to 0.31)**

89% Specificity

-0.03 (-0.21 to 0.16)

0.28 (-0.01 to 0.56)

94% Specificity

0.80 (0.60 to 1.00)**

0.33 (0.08 to 0.58)*

No radiologist involvement

-0.63 (-0.83 t0 -0.42)**

-0.86 (-1.18 to -0.54)**

Radiologist confirms likely positives

0.26 (0.10 to 0.42)**

0.20 (-0.09 to 0.49)

Radiologist confirms all screens

0.37 (0.18 to 0.56)**

0.66 (0.39 to 0.93)*

No transparency

-0.60 (-0.81 to -0.40)**

-0.63 (-0.94 to -0.31)**

Understandable to Al experts only

-0.04 (-0.19 t0 0.12)

0.01 (-0.25 to 0.28)

Understandable to clinicians

0.64 (0.43 to 0.84)**

0.61 (0.34 to 0.89)**

Observational data

-0.72 (-0.91 to -0.52)**

-0.65 (-0.97 to -0.32)**

Randomized controlled trial (RCT)

0.52 (0.31 to 0.74)**

0.05 (-0.23 to 0.33)

RCT + observational data

0.19 (0.03 to 0.35)*

0.59 (0.32 to 0.87)**

Low diversity

-0.30 (-0.46 t0 -0.13)**

-0.87 (-1.21 t0 -0.53)*

Medium diversity

-0.20 (-0.41 t0 0.02)

0.31 (0.02 to 0.59)*

High diversity

0.49 (0.27 t0 0.72)**

0.57 (0.27 to 0.86)*

Class membership

Class 1: “Sensitivity First”

Class 2: “Uncertain Trade-Offs”

Practice years 0.14 (0.04 to 0.25)* Ref.
Negative (versus neutral or positive)

attitude toward new technologies -2.92 (-5.73t0 -0.12)* Ref.
Moderate to high (versus low)

difficulty in contacting radiologist -0.72 (-2.25t0 0.82) Ref.
colleagues

Moderate to high (versus low) level

of trust in radiologist colleagues 14.20 (-561.18 to 589.58) Ref.
Urbf'an (versus rural) practice -0.14 (-1.60 to 1.33) Ref.
environment

Midwest (versus West) region -2.20 (-3.84 to -0.56)* Ref.
Northeast (versus West) region -1.55 (-4.08 to 0.98) Ref.
South (versus West) region -0.32 (-2.39 t0 1.76) Ref.
Female -2.84 (-4.41 to -1.26)** Ref.
Goodness of Fit

Log-likelihood -1062.4

AIC 2196.8

BIC 2424.3

R-squared 0.165
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Each class had distinct preferences for the importance of each attribute. Respondents had
a 45% probability of assignment to Class 1, which we call “Sensitivity First.” Sensitivity was at
least twice as important as any other attribute for members of this class. Additionally, members of
the “Sensitivity First” class preferred radiologists confirming only likely positives to confirming
all screens. Members of Class 2, which we refer to as “Against Al Autonomy,” valued radiologist
confirmation of all screens as the most important attribute. Sensitivity was not significantly more
important than specificity for this class, to which respondents had a 24% probability of being
assigned. Finally, we call Class 3 the “Uncertain Trade-Offs” group, because all attributes were of
similar importance to these respondents. As such, what could convince them to recommend Al-
augmented screening was less clear than for other classes. Respondents had a 31% probability of
assignment to this class. Members of the “Sensitivity First” and “Uncertain Trade-Offs” classes
did not significantly prefer radiologist confirmation of all images over radiologist confirmation
only of likely positives.

Clinicians with more years in practice were significantly more likely to be in the
“Sensitivity First” group compared to the “Uncertain Trade-Offs” group (odds ratio: 1.16 per
additional year [95% CI: 1.03 to 1.31]). Clinicians who stated that they have a neutral to positive
attitude toward technology were more likely to belong to the “Against Al Autonomy” group than
to the “Uncertain Trade-Offs” group (odds ratio: 3.05 * 107 [95% CI: 6.88 * 10" to 1.46 * 107%]).
Most other predictors of class membership were non-significant. Table 2.3 shows all coefficients
from the class membership model.

2.3 DISCUSSION

This study demonstrated that there are several potential paths to the development of Al
BCS that would be acceptable to PCPs. Improvements in sensitivity have been the focus of many
Al researchers and were highly valued by most respondents as well. We found, however, that
translating Al BCS into the clinic does not need to wait for these technological improvements.
Instead, refining policies around how radiologists work with Al, what data are used in the
development of Al, and how studies can support its effectiveness claims all contribute
meaningfully to PCPs’ decisions around whether to recommend Al to their patients.

Respondents generally agreed on the value of sensitivity as the most important attribute of

Al BCS. Developing Al BCS with sensitivity greater than that of radiologists was particularly
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valued. This prioritization of sensitivity over specificity by PCPs is in contrast to public health
researchers’ focus on false positives as a major harm of screening. Another area of broad
agreement among respondents was their preference for randomized controlled trials (RCTs) over
observational studies. Using both types of studies to support the effectiveness claims of Al BCS
was not preferred over RCT alone. This was despite the commonly-held belief among
methodologists that clinical trials for diagnostic Al are impractical and among policy-makers that
they may be unnecessary.*

We also identified meaningful heterogeneity in PCPs’ preferences, which we explained by
using a latent class model to group respondents into three classes. The area of greatest difference
between these groups was in their attitude toward radiologist confirmation of images. Respondents
had a 76% probability of belonging to a latent class that supported the use of Al to triage negative
screens and to refer likely positives to radiologists. One class, however, defined itself largely by
its opposition to any unattended use of Al. The members of this “Against AI Autonomy” class
were significantly less likely to identify as having negative attitudes toward technology compared
to members of the “Uncertain Trade-Offs” class. We interpret this as reflecting the “Against Al
Autonomy” class’s open-mindedness toward Al balanced with caution about its potential impacts.
This class is the only one, in fact, to not be biased towards the status quo, as shown by the
statistically non-significant value of the alternative specific constant of radiologist alone.

The classes also differed in their attitudes toward the potential trade-off between sensitivity
and specificity. The “Sensitivity First” class found sensitivity to be at least twice as important as
specificity, while the “Against AI Autonomy” class did not see them as significantly different in
importance.

Our findings have several implications. First, we found that PCPs are largely supportive of
using Al in a triage setting. This novel framework for human-Al collaboration would deploy Al at
a low sensitivity / high specificity setting such that likely positives are sent to radiologists for
review, while likely negatives receive an immediate determination.®®3” A recent publication
described an Al-based system used in this way that achieved a 99.9% negative predictive value
while filtering out approximately 40% of mammograms that did not need radiologist review.
Primary care providers’ acceptance of using Al in a triage setting means that other workflows with
clearer analogies to present-day operations are unnecessary. For example, some studies have used

Al as a second reader for BCS images, where Al is treated as if it were a radiologist.>® Other studies
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have used radiologist input as if it were from an Al and integrated it into an ensemble with Al
models.?” The triage workflow instead uses the input of radiologists and Al to optimize for their
unique strengths.

Our results also suggest that the PCPs who are most likely to accept the use of a triage
system are those who are also most likely to view improved sensitivity as the main appeal of Al
BCS. It is therefore necessary to study the overall sensitivity of a collaborative Al-radiologist team
to ensure that it improves sensitivity over radiologist alone without negatively impacting
specificity. Existing Al algorithms and radiologists detect somewhat different cases, suggesting
that combining decisions from both could produce better performance than either one alone.®’
However, putting the triage workflow into practice would meaningfully change the decision task
of radiologists by increasing the prevalence of positives as well as by providing a tacit “positive”
label from the algorithm. Prior work testing radiologists’ accuracy at mammogram interpretation
for a non-representative sample of women suggests that training may be necessary to avoid poor
performance at interpreting images triaged by Al.%

Our work also shows how researchers can create clinically acceptable technologies by
refining other attributes if they are only capable of producing minor improvements in AI’s
sensitivity. In the absence of a technological breakthrough enabling sensitivity over 90%, our study
provides evidence that improving other elements of Al BCS may make it clinically appealing for
PCPs. Highly diverse training data and explanations of Al decision-making that are understandable
by clinicians were both important to most respondents. Both of these attributes contribute to an
algorithm’s generalizability: diverse data by ensuring that it operates correctly on a wide range of
patients, and understandable decision-making by showing when Al is considering inappropriate
criteria for a judgment.*® Improving the quality of clinical trials for Al BCS to include well-
designed RCTs would also increase the technology’s appeal to PCPs.?°

Our analysis is novel, as relatively little work has been published on clinicians’ preferences
for Al. One survey of senior specialist physicians in the United Kingdom found liability, accuracy,
understandability, and quality of supporting evidence to be primary concerns.*! Qualitative work
among PCPs in the United Kingdom found that, while many were concerned about AI’s potential
to disrupt the doctor-patient bond or to miss atypical presentations, participants were hopeful that
Al could reduce inefficiencies by triaging uncomplicated patients and providing faster results.*?

Another study among physicians in New Zealand focused on understandability and found that 88%
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of respondents were more likely to trust an Al algorithm that produced an understandable
explanation of its decisions.*® With the exception of liability, these are in general agreement with
our results.

Our findings regarding the importance of understandability also deserve mention because
of the importance that this topic has taken on among clinical commentators. Prior reports have
suggested that the understandability of Al decision-making is vital for its application in clinics.!%4
This has been supported by the survey mentioned above that showed how understandability
correlates with acting on AI’s recommendations.*® While our findings bolster current knowledge
about clinicians’ preferences for explainable Al, they simultaneously undercut the idea of its
paramount importance, at least among PCPs. We find, instead, that poor understandability can be
offset by other attributes such as high sensitivity, high specificity, or excellent diversity in training
data. Interpretable Al supports tests of generalizability that are essential in quality assurance and
regulatory processes, however, and therefore should not be ignored.*®*> Understandability is also
connected to providers’ liability for using AIL®

Our study has several limitations. The attitudes that informed our respondents’ choices are
likely to change as they encounter more examples of clinical Al. Our study can be used as a
baseline to measure these changes, but this means that its results may have an apparent bias toward
the negative. Its results also cannot be used to predict uptake, which would depend on the input of
other stakeholders such as patients, payers, and radiologists. We were unable to evaluate all
potentially relevant attributes, including cost. We attempted to determine the most important
attributes, but may have missed attributes with similar importance. Changing the set of included
attributes may have shifted the estimated impact of the attributes we included. Finally, the
generalizability of our sample is unknown. Despite our efforts at recruiting a representative sample
of PCPs, we relied on snowball sampling, which means that respondent selection was not entirely
independent. It also means we may have underestimated the size of the confidence intervals.

While our study provides a useful start to quantitative translational research in Al for
cancer screening, much work remains to be done. Future studies should examine the preferences
of other stakeholders in the decision to implement Al BCS: patients, payers, and radiologists will
all play important roles in deciding on the use of Al technologies. Work examining the
performance of different configurations for the collaboration between Al and clinicians should be

done and, with it, a more detailed examination of clinician’s willingness to trade improvements in
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AT’s accuracy for increased autonomy in decision-making. Finally, we recommend that similar
studies be conducted periodically to assess how exposure to clinical Al alters PCPs’ willingness

to recommend an expanded role for Al, particularly in cancer screening.
2.4  CONCLUSION

Much has been written about what Al needs before it can become clinically acceptable. In
this study, we have quantified the impact of six highly relevant attributes of AI on PCPs’ decision
to recommend it to their patients for BCS. We find evidence that technical advances that allow for
greater diagnostic accuracy are important, but are not the only way to produce appealing Al
products. We also find support for using Al to interpret some mammograms without radiologist
confirmation, which opens up the possibility of developing innovative human-machine

collaborations that can reduce radiologist burden and improve the efficiency of BCS.
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Chapter 3. HEALTH OUTCOMES MODELING TO ASSESS

ARTIFICIAL INTELLIGENCE DIAGNOSTICS:
AN APPLICATION TO BREAST CANCER
SCREENING

Advances in artificial intelligence (Al) such as convolutional neural networks have enabled
its application to medical imaging diagnostics.*® Assessing the performance of these algorithms is
anecessary step as Al research is increasingly translated into commercial products. Discrimination
defines an algorithm’s ability to identify positive cases and is perhaps the most important
performance metric for a diagnostic algorithm that produces a binary output.®® Tests of
discrimination inform comparisons between models as well as the selection of operating points
(sometimes called “cut points”), which indicate the predicted probability of disease that optimally
separates determinations of positives versus negatives.*’

Discrimination ability is evaluated using the receiver operating characteristic (ROC) curve,
which shows sensitivity as a function of specificity.*3#® Researchers are able to treat the tasks of
model comparison and operating point selection as mathematical properties of the ROC curve
itself, thereby simplifying the evaluation of an algorithm’s discriminatory ability and producing a
metric that allows comparison between algorithms developed for different purposes. This approach
has many limitations, however. Comparing models whose ROC curves cross is difficult.> It can
also overemphasize very low and high specificities that would never be clinically useful.>* Most
relevant to the evaluation of AI, however, is the ROC curve’s lack of connection to clinical
impact.>? While clinical trials ideally would provide estimates of Al diagnostics’ effects on patient
outcomes, this approach is difficult with Al algorithms due to rapid technological advances.*

Health outcomes modeling is an approach developed in decision analysis and used
extensively in the health economics literature.>®* It is especially useful in making indirect
comparisons, linking short term surrogate markers to longer term clinical outcomes, including life
expectancy and quality of life in the absence of clinical trials, thus making it potentially applicable
to Al-based diagnostics.>® At its core, health outcomes modeling is a way of simulating patients’
passages through a sequence of clinical and disease processes such as screening, treatment, and

progression. The main process of this model is to track how much time patients spend in discrete
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states of health. The summed time in each health state is then multiplied by a utility (quality of
life) weight derived from preference studies. The result is expressed in quality-adjusted life years
(QALYs's) and accounts for changes in both survival and quality of life due to an intervention.

The objective of this study was to demonstrate the use and potential utility of health
outcomes modeling by evaluating the discriminatory performance of Al algorithms developed to
interpret mammograms for breast cancer screening. These algorithms were submitted to the Digital
Mammography DREAM Challenge, a competition sponsored by a consortium of healthcare and
technology firms to promote the development of artificial intelligence for breast cancer screening
(Al BCS). We conclude with a discussion of the advantages and disadvantages of using health

outcomes modeling as applied to Al diagnostic tools.
3.1 METHODS

3.1.1  Overall Approach

We developed a health outcomes model for BCS and estimated the QALY generated by
each Al algorithm across the possible range of operating points. We used the maximum QALY
generated by each algorithm to rank them by performance and used the criterion of QALY-
maximization to select an operating point. We then compared our findings to the rankings and

operating points derived by a series of ROC-based methods.
3.1.2 Data

The Digital Mammography DREAM Challenge was a competition that awarded prizes for
the development of Al BCS from the public.?” It was operated by a consortium of healthcare and
technology firms between September 2016 and November 2017. Teams and individuals who
entered had access to mammograms, cancer diagnoses, and limited patient demographics from
Kaiser Permanente Washington and the Karolinska Institute that they could use to develop their
algorithms. Competitors from around the world submitted a total of 28 algorithms, which were
evaluated by area under the ROC curve (AUC) and specificity when sensitivity is fixed at 86%.
The developers of the top eight algorithms subsequently entered a cooperative phase where they
created ensembles of their algorithms with and without the inclusion of radiologist readings as part

of the ensemble.
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We used a dataset with 51,314 mammograms. Each mammogram had a predicted
probability of cancer from the algorithms, and an indicator of true cancer status. This indicator was
derived from a cross-linkage with Surveillance, Epidemiology, and End Results (SEER) Program
data that detected women in the test set who were diagnosed with breast cancer within twelve
months of the included mammogram. Linking to SEER Program data allowed for cancer
determinations that were closer to the gold standard than radiologist interpretations would have

been. We assigned a letter name to each Al algorithm for ease of reference.
3.1.3  Health Outcomes Model

We began with an open-source health outcomes model of breast cancer screening in the
United States and adapted it to generate QALYSs. The model simulated the outcomes for women
who attend screening in comparison to those who do not.>®>” Screening benefited women in this
model by allowing for the discovery of cancers in an earlier and more treatable stage, relative to
when they would be discovered symptomatically, thus improving quality of life by requiring less
invasive treatment and improving survival.>® The probability of undergoing this stage shift was a
function of the frequency and sensitivity of screening, and included an adjustment for
overdiagnosis.®® The availability of this open-source model assured that we had a validated source
of breast cancer incidence and survival estimates by stage. If we had not obtained this open-source
model, we would have needed to create our own and to validate its outputs by comparing them to
published figures to ensure proper calibration.®%6!

The open-source model did not include discrete health states, but instead produced the ages
and disease stages at which women with breast cancer would be diagnosed; ages of death; and
indicators of whether women’s deaths were breast cancer-related, each in the presence and absence
of screening. We added a number of health states to the health outcomes model in order to generate
QALYSs.

See Figure 3.1 for a schematic of our adapted model. Every two years between the ages of
50 and 74, these women attended screening. Women with negative screens returned to the “well”
health state, while women with positive screens underwent further workup, generally consisting
of further imaging and possibly biopsy. If the workup resulted in determining that the woman did

not have cancer, then she returns to “well”; if there was a positive determination of cancer, then
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she proceeded to cancer treatment. Having a positive or negative screen was correlated with true

cancer status through the sensitivity and specificity of screening.

Without diagnosed cancer Cure
»| Earlycancer
f No cure
Pasitive Early E
detection
E Cure
«| Advanced
cancer
No cure
Cancer death Non-cancer death

Figure 3.1. Schematic of breast cancer screening and outcomes model.

We next accounted for cancer-related health states, which we simplified to two: early and
advanced cancer. Based on the clinical course of treatment, we assumed treatment for early and
advanced cancer would both take one year, after which women who survived would go into
remission. Women entered a “progressive cancer” state eighteen months prior to breast cancer-
related deaths. Women who were cured, on the other hand, lived ten years in the remission state
and then transitioned to the cured state.

We assigned utility or quality of life weights (on a scale of 0 to 1, where 0 represents death
and 1 represents perfect health) to the health states based on published utility elicitation studies.
Starting with the “well” health state, we identified a source that provided age-adjusted utility
weights for individuals over 50. We then converted other utility weights into disutilities to be
subtracted from the utility weight of that well states — that is, we took the difference between the
utility weight of that state and perfect health and subtracted it instead from the age-adjusted “well”
state. See Table 3.1 for a list of health states, their durations, and the utility weight associated with

them.
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Table 3.1. Utility weights associated with breast cancer screening and breast cancer-related

outcomes.
State Value gtandgrd Duration Source
eviation

Well (= 50 0.85 0.01 Until cancer diagnosis or | Shaw, 2005°
years) death
Screening -0.07 0.02 Three weeks Bonomi, 2008’
Workup of -0.14 0.02 Two weeks Bonomi, 2008’
positive screen
Early cancer -0.14 0.04 One year or until Pataky, 2013%8

progression
Advanced -0.325 0.05 One year or until Pataky, 2013
cancer progression
Cancer -0.035 0.05 Nine years for patients Pataky, 2013%8
remission with non-cancer death;

until progression for

patients with cancer-

related death.
Progressive -0.62 0.05 Up to 18 months before | Schleinitz, 2006°°
disease death.
Cured -0.00 0 Until other cause death Assumption

We assessed uncertainty in the simulated sample and around the cancer-related parameters,
including utility weights.®2% To account for the first, we gradually increased the sample size for
each model simulation to 30,000, at which point we found that the average time spent in each state
stopped changing. We next repeated samples of 30,000 simulated women until variation stabilized
at 10,000 runs in order to account for parameter uncertainty.

We therefore repeated 10,000 model runs for each potential combination of sensitivity and
specificity, with each consisting of 30,000 women starting when screening begins at age 50 and
ending when all women in the sample have died. Each future year was discounted by 3% to account
for the lower value of the future relative to the present.®4% Repeatedly calculating QALYs for each
combination of sensitivity and specificity allowed us to examine how outcomes change with
improvements in sensitivity and specificity. All measures of QALY gain were relative to no
screening, so as to provide a fixed point of reference. We validated the resulting outcomes against
published estimates created by the CISNET consortium, whose members have created six different
health outcomes models for BCS.®
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We also evaluated parameter uncertainty around the sensitivity at each specificity value in
the algorithms as well. We used a normally distribution within the 95% confidence interval of each
algorithm’s ROC curve to produce 1,000 randomly drawn sensitivity values across the range of
specificity values from 0 to 100% for each algorithm. This process was facilitated by the “pROC”
package for R.%” We matched each of these specificity-sensitivity pairs representing algorithm
performance to a random outcome generated by the health outcomes model for that combination
of sensitivity and specificity.

We ranked the 28 algorithms by the QALYs generated at the operating point with the
highest mean number of QALYSs - we also used this operating point for comparison with ROC-
based methods of operating point selection.

We evaluated the health outcomes model’s sensitivity to changes in the acceptable cost-
benefit ratio by tripling and then sextupling the disutility of workup for positive screens. This
allowed us to explore potential explanations for our findings by penalizing false positives more
than in the base case. This increases the relative importance of specificity and may therefore
change our performance evaluations. Comparing the differences in the rankings between the base
case and these secondary analyses will also help us to understand the generalizability of our

findings to other disease areas.
3.14  ROC-Based Analysis

We used two ROC-based methods for ranking algorithms by performance and three
methods for selecting operating points. We first produced an ROC curve for each algorithm to
replicate the standard measure of performance. Each algorithm’s ROC curve included the 95%
confidence interval to reflect uncertainty in performance based on sample size. We then calculated
the AUC, which we used to produce an initial ranking of the algorithms by performance. The
algorithms submitted to the Digital Mammography DREAM Challenge were originally judged by
specificity when sensitivity was 86% (i.e., equal to the average radiologist). The ranking produced
by this method is also included and compared to the health outcomes model.

We used three different methods for selecting an operating point without using a health
outcomes model: Youden’s index, decision curve analysis, and a fixed operating point of 86%
sensitivity. Youden’s index uses the point on the ROC curve that is closest to perfect performance

(i.e., 100% sensitivity and 100% specificity — the upper left corner of the ROC curve) as the



25
operating point. This method is based, however, on the assumption that false positives and false
negatives are equally undesirable, which is not true for breast cancer screening.® We thus used
decision curve analysis, which requires establishing an acceptable ratio of false positives to false
negatives based on the relative harm caused by each.® This ratio can be estimated by literature
review, stakeholder surveys, or analysis of current practice. We estimated that a ratio of 100 false
positives to 1 false negative would be acceptable based on current breast cancer screening
practices. Specifically, given a breast cancer prevalence of 0.6% in women of screening age, Six
women per thousand have breast cancer.®® The average radiologist interprets mammograms with
85.9% sensitivity and 90.5% specificity, suggesting that one of those women with breast cancer
would receive a false negative screen while 109 without breast cancer would receive a false
positive.2” We rounded this estimate to our final ratio of 100 to 1, which we use in the decision
curve analysis.

Finally, we compared operating points selected by maximizing QALYSs in the health

outcomes modeling to the operating point which corresponds to 86% sensitivity.
3.2 RESULTS

3.21 Model validation

The CISNET models estimated between 470 and 1,150 QALYs would be gained per
10,000 women screened biennially by radiologist alone between the ages of 50 and 74.%° Our
model predicted a gain of 960 QALY in this scenario, placing it slightly above the average value
of 860 QALYSs found in the six CISNET models.

3.2.2 Health Outcomes Model Results

Improving sensitivity by one percentage point improved outcomes by between 8.04 and
24.86 QALYSs per 10,000 women screened. Improvements in sensitivity had the highest associated
QALY gain when baseline sensitivity was low. Improving specificity by one percentage point was
associated with a consistent gain of 4.99 QALYs per 10,000 women, regardless of baseline
performance. We illustrate the relationship between sensitivity and stage shift, as well as the
change in outcomes caused by improvements in specificity and sensitivity in Figure 3.2. Absolute

outcomes by sensitivity and specificity are available in Table 3.2.
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Table 3.2. Per capita quality-adjusted life years (QALYSs) of screening with variable

sensitivity and specificity, as compared to no screening.

005 01 015 02 025 03 035 04 045 05 055 06 065 07 075 08 08 09 0.95 1 Sensitivity|
0.037 0.071 0.103 0.132 0.159 0.184 0.208 0.23 0.25 0.269 0.287 0.304 0.32 0.336 0.35 0.364 0.377 0.389 0.401 0.412 Stage shiff
-0.074 -0.062 -0.050 -0.039 -0.029 -0.020 -0.012 -0.003 0.004 0.011 0.017 0.024 0.029 0.035 0.040 0.045 0.050 0.055 0.059 0.063
0.05]-0.072 -0.059 -0.047 -0.037 -0.027 -0.018 -0.009 -0.001 0.006 0.013 0.020 0.026 0.032 0.038 0.043 0.048 0.053 0.057 0.062 0.066
0.1}-0.069 -0.057 -0.045 -0.034 -0.024 -0.015 -0.007 0.001 0.009 0.016 0.022 0.029 0.034 0.040 0.045 0.050 0.055 0.060 0.064 0.068
0.15]-0.067 -0.054 -0.042 -0.032 -0.022 -0.013 -0.004 0.004 0.011 0.018 0.025 0.031 0.037 0.043 0.048 0.053 0.058 0.062 0.066 0.071
0.2|-0.064 -0.052 -0.040 -0.029 -0.019 -0.010 -0.002 0.006 0.014 0.021 0.027 0.034 0.039 0.045 0.050 0.055 0.060 0.065 0.069 0.073
0.25]-0.062 -0.049 -0.037 -0.027 -0.017 -0.008 0.001 0.009 0.016 0.023 0.030 0.036 0.042 0.048 0.053 0.058 0.063 0.067 0.071 0.076
0.3|-0.059 -0.047 -0.035 -0.024 -0.014 -0.005 0.003 0.011 0.019 0.026 0.032 0.039 0.044 0.050 0.055 0.060 0.065 0.070 0.074 0.078
0.35]-0.057 -0.044 -0.032 -0.022 -0.012 -0.003 0.006 0.014 0.021 0.028 0.035 0.041 0.047 0.053 0.058 0.063 0.068 0.072 0.076 0.081
0.4|-0.054 -0.042 -0.030 -0.019 -0.009 0.000 0.008 0.016 0.024 0.031 0.037 0.044 0.049 0.055 0.060 0.065 0.070 0.075 0.079 0.083
0.45]-0.052 -0.039 -0.027 -0.017 -0.007 0.002 0.011 0.019 0.026 0.033 0.040 0.046 0.052 0.058 0.063 0.068 0.073 0.077 0.081 0.085
0.5[-0.049 -0.037 -0.025 -0.014 -0.004 0.005 0.013 0.021 0.029 0.036 0.042 0.049 0.054 0.060 0.065 0.070 0.075 0.080 0.084 0.088
0.55]-0.047 -0.034 -0.022 -0.012 -0.002 0.007 0.016 0.024 0.031 0.038 0.045 0.051 0.057 0.063 0.068 0.073 0.078 0.082 0.086 0.090
0.6{-0.044 -0.032 -0.020 -0.009 0.001 0.010 0.018 0.026 0.034 0.041 0.047 0.054 0.059 0.065 0.070 0.075 0.080 0.085 0.089 0.093
0.65|-0.042 -0.029 -0.017 -0.007 0.003 0.012 0.021 0.029 0.036 0.043 0.050 0.056 0.062 0.068 0.073 0.078 0.083 0.087 0.091 0.095
0.7|-0.039 -0.027 -0.015 -0.004 0.005 0.015 0.023 0.031 0.039 0.046 0.052 0.058 0.064 0.070 0.075 0.080 0.085 0.090 0.094 0.098
0.75]-0.037 -0.024 -0.012 -0.002 0.008 0.017 0.026 0.034 0.041 0.048 0.055 0.061 0.067 0.073 0.078 0.083 0.088 0.092 0.096 0.100
0.8]-0.034 -0.022 -0.010 0.001 0.010 0.020 0.028 0.036 0.044 0.051 0.057 0.063 0.069 0.075 0.080 0.085 0.090 0.095 0.099 0.103
0.85]-0.032 -0.019 -0.007 0.003 0.013 0.022 0.031 0.039 0.046 0.053 0.060 0.066 0.072 0.078 0.083 0.088 0.093 0.097 0.101 0.105
0.9]-0.029 -0.017 -0.005 0.006 0.015 0.025 0.033 0.041 0.049 0.056 0.062 0.068 0.074 0.080 0.085 0.090 0.095 0.100 0.104 0.108
0.95]-0.027 -0.014 -0.002 0.008 0.018 0.027 0.036 0.044 0.051 0.058 0.065 0.071 0.077 0.083 0.088 0.093 0.098 0.102 0.106 0.110
1]-0.024 -0.012 0.000 0.011 0.020 0.030 0.038 0.046 0.054 0.061 0.067 0.073 0.079 0.085 0.090 0.095 0.100 0.105 0.109 0.113

o

Specificity

3.2.3  Comparison of Algorithm Performance

The algorithms generated a maximum of between 540 and 860 additional QALY per
10,000 women screened vs. no screening. The AUCs ranged from 0.496 to 0.874, while specificity
when sensitivity was fixed at 86% ranged from 9% to 49%. Rankings of the 28 algorithms were
effectively identical using health outcomes modeling, AUC, or specificity at 86% sensitivity
(Figure 3.3).
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Figure 3.3. Change in model rankings by performance metric.

Our secondary analyses in which we modified the disutility of false positives resulted in a
substantially different ranking of the algorithms. The algorithms that the other methods found to
be in the top six remained in the top six positions, but lower-ranking algorithms were almost

entirely reordered.
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3.24  Operating Point Selection

The QALY-maximizing operating point generated by the health outcomes model and the
empirically selected operating point of 86% used in judging the Digital Mammography DREAM
Challenge produced the most similar operating points (Table 3.3). These operating points were,
on average, 28 percentage points apart in specificity, but generated a statistically non-significant

(p < 0.05) difference in the number of QALY every algorithm produced.

Table 3.3. Mean (range) of differences between operating point selection methods and

maximum quality-adjusted life years (QALY's) gained per capita versus no screening.

Youden’s index Decision curve Fixed operating
analysis point at 86%
sensitivity
Difference in
operating point 26 (2 to 72) 54 (11 to 92) 28 (0 to 38)
(percentage points
on specificity scale)
Er'gg{jig‘ae;{‘ QALYs 0.010 (0.000 to 0.053 (0.004 to 0.007 (0.000 to
: . 0.096) 0.097) 0.009)

operating point
Number of models
with significant 8 24 0
difference in QALYs

Youden’s index performed next best. On average, the operating point was 26 percentage
points away from the QALY-maximizing operating point but, for four of the algorithms, it
generated significantly fewer QALYs. Both Youden’s index and the fixed operating point
discussed above tended to select operating points with lower specificity and higher sensitivity than

the QALY -maximizing operating point (Figure 3.4).
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Figure 3.4. Comparison of operating points selected for the 28 models by using Youden’s index
(pink), decision curve analysis (yellow), fixed sensitivity of 86% (black), and maximization of
quality-adjusted life years (blue).

Decision curve analysis was farthest from the QALY-maximizing operating point. On
average, these two operating points were 54 percentage points apart in sensitivity, with QALY
produced by the two operating points having a statistically significant difference for 24 out of 28

algorithms. Unlike the ROC-based methods and decision curve analysis, it generally produced
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operating points with higher specificity and lower sensitivity than the QALY -maximizing

operating point.
3.3 DiscussioN

We developed a health outcomes model based on an open-source microsimulation of breast
cancer outcomes. We used the health outcomes model to compare the performance of Al BCS
algorithms and to select operating points in relation to the area under the ROC curve (AUC),
Youden’s index, decision curve analysis, and the operating point corresponding to a fixed
sensitivity of 86%.

We found that comparing rankings of Al algorithms by QALY -maximization in the health
outcomes model, AUC, specificity at 86% sensitivity, and produced similar rankings of the 28
models. We hypothesize the similarity in rankings is due to the fact that improving sensitivity and
specificity led to similar QALY gains. Indeed, the QALY produced by these improvements
became more similar as sensitivity approached 100%.

Our observation of the diminishing returns on improvements to sensitivity likely stems
from the non-linear relationship between sensitivity and stage-shift. Improving sensitivity from a
low baseline caused a relatively great increase in stage-shift. The benefit of screening, however,
was capped by the screening interval: biennial screening with perfect discrimination leads to only
41% of advanced cancers being shifted to an earlier stage. This limitation on the stage-shift of
screening is due to the distribution of times between when a cancer becomes detectable by
screening and when it would become symptomatic - the lead time.”® We ran a post-hoc analysis of
the health outcomes model to test our proposed explanation, in which the disutility of false
positives was inflated to three and then six times its value in the base case. These cases showed
little variation among top performing algorithms, which generally were less affected by changes
to the utility of false positives due to their high specificity. Lower-performing models were
substantially reranked, however. The ranking by performance that we observed suggests the
potential for diseases with different risk-benefit ratios to generate more differences in ROC- versus
health outcomes-based methods. The ability to test this explanation by altering a single part of the
health outcomes model points to one of its potential advantages: namely, that it can be used as a
tool to explore what is unique about different diseases and how one could reasonably expect ROC-

based tools to perform in response.



32
3.3.1  Operating Point Selection

We found substantial differences in the operating points that would be selected using the
different evaluation methods. The operating point corresponding to a fixed sensitivity of 86%
produced a statistically non-significant difference from the QALY -maximizing operating point for
every model. Operating points selected by Youden’s index showed statistically significant
differences from the QALY-maximizing operating point in fewer cases than decision curve
analysis.

These findings suggest that comparing these algorithms on the basis of performance at an
equivalent sensitivity to the average radiologist — as was done in the Digital Mammography
DREAM Challenge - corresponds well to their likely effect on patient outcomes. The usefulness
of an operating point based on clinician performance for comparing models in other diseases is not
clear. Rather, this finding makes the case for using a health outcomes model as a confirmatory
check for one’s decision to use a certain method of operating point selection, given the unique
balance of risks and benefits for that disease.

Patient concerns should be central to contemporary research into clinical Al, which has
been criticized as being focused only on accuracy metrics without considering measured impact
on domains that foreground stakeholder concerns.”* An example of this focus on accuracy metrics
was seen in a recent study on Al BCS that selected its operating point on the basis of AUC. '
Integrating health outcomes modeling into the process of operating point selection would ensure
that patient preferences are represented in how the model is applied to clinical situations.

3.3.2  Challenges of Al for Health Outcomes Modeling

Acrtificial intelligence algorithms present unique challenges for health outcomes modeling.
The need to explore outcomes generated by a range of the ROC curve is computationally
expensive. Evaluating these 28 algorithms required us to run our health outcomes model
approximately 420 million times, for example. Another complication is assessing the
complementarity of Al and clinician judgment.”? That assessment would mean not only
determining the overlap between the cases detected by Al and by clinicians — an Al that finds the
same cases as a clinician would be potentially less valuable — but also estimating the impacts of

variable configurations of the Al-clinician collaboration.”®* Modeling how Al and clinicians work
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together should also consider the behavioral response to Al, which is currently understudied. When
used in subgroup analysis, health outcomes modeling also highlights the clinical impact that arises
from spectrum bias (i.e., differential performance among subgroups with different risk levels)
more directly than ROC-based methods can.” Including subgroup analysis, however, would
require potentially complex causal inference to estimate counterfactual outcomes associated with
early detection or delayed diagnosis.’®” Finally, many potential uses of Al do not produce binary
diagnoses. These applications, such as image segmentation, pose a challenge to health outcomes
modeling, because they have a less direct connection to the potential clinical response and are

therefore harder to model.”®"®
3.3.3 Limitations

Our work has several limitations. First, we did not consider all methods of assessing
performance or selecting the operating point. We did not, for example, include Pauker and
Kassirer’s treatment threshold approach, nor Pepe’s predictiveness curve.>*88! These approaches
informed the development of decision curve analysis, but the differences in their approaches may
have led to different results. We also excluded several methods that integrate costs, such as Phelps
and Mushlin’s merging of ROC analysis with medical decision theory or Laking and Lord’s non-
linear expansion path approach.82# We did not include these approaches because they would have
substantially broadened this study’s scope.

We also note that the QALY metric is controversial.®* Perhaps the most common critique
is that small benefits accruing to a large number of people are not distinguished from a smaller
number receiving larger benefits, which may produce decisions that are unfair to society’s more
vulnerable members. Approaches to addressing this critique vary, but may include requiring that
QALY gains pass some minimal threshold before being counted or modifying how QALYSs are
summed across groups to account for distributional equity.8>8® There are also several alternatives
to the QALY that address its shortcomings.®’ For example, Basu’s “Health Years in Total (HYT)”
concept separately aggregates gains to quality of life and life expectancy, meaning that individuals
with low baseline quality of life can still benefit from longer life expectancy.® Had we attempted
to include a modification of or alternative to the QALY, it may have given somewhat different
results.

Future Work
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Substantial work remains to be done on the use of health outcomes modeling for clinical
Al. First, health outcomes modeling should be used in algorithms that display spectrum bias, which
occurs when algorithm performance is unequal between different subgroups and is not accounted
for in the interpretation of the model’s output.8>% Subgroup analysis is frequently used in health
outcomes modeling and could be a tool for assessing the impact of spectrum bias. We hypothesize
that an assessment of spectrum bias in Al would likely show the advantages of health outcomes
modeling over ROC-based methods in starker contrast than we have been able to. While ROC-
based methods can be used to assess differences in algorithm performance among different
subgroups, it does not make the clinical implications of these differences apparent. This work,
however, is predicated on the availability of detailed patient data, which privacy or intellectual
property concerns may make difficult to share.%12

More insight on how to use health outcomes modeling for Al will also be gained by
performing comparative studies such as this one in disease areas with different trade-offs versus
BCS. Our study found substantial similarity between health outcomes modeling and ROC-based
methods that assume that false positives and false negatives are equally undesirable, which
matched with our finding that improving sensitivity and specificity produced similar benefits.
Other use cases for clinical Al would likely have substantially different ratios of benefits.
Algorithms have been developed to detect depression and other mental health problems from a
patient’s speech and movement patterns.®® A false positive for this application would mean
needlessly contacting the user, potentially via a chatbot; a missed opportunity to diagnose a
burgeoning mental health crisis, though, could have much greater costs.

A major disadvantage of health outcomes modeling is that it is more labor-intensive than
ROC-based methods. Little work has been done to measure the cost of performing health outcomes
modeling relative to simpler methods, however. This information will be vital in order to rationally
weigh the trade-offs between the costs and benefits of using health outcomes modeling to acquire

greater precision around how to use clinical Al.
3.4 CONCLUSION

A valuable step in translating Al into clinical settings likely will be to evaluate impacts on
patient morbidity, mortality, and quality of life, in addition to diagnostic accuracy. Health

outcomes modeling is an excellent tool to aid in this transition. In this study, we demonstrated how
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health outcomes models can be built and applied to the evaluation of Al algorithms as a supplement
to ROC-based assessments. Our findings showed the main advantages of health outcomes
modeling over ROC-based methods: it allows users to explore potential explanations for their
findings and better integrates patient preferences. At the same time, evaluating Al with health
outcomes modeling poses unique challenges. Bridging the disciplinary divides that separate Al
researchers and health outcomes modelers can meaningfully advance both fields, while bringing

the potential advantages of Al to health systems.
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Chapter 4. CONCLUSION

| aimed to use this dissertation as a way of exploring the role that health economics can
play in bringing Al to clinics and to patients. This meant performing one experiment to assess the
predictors of primary care provider acceptance and another to evaluate outcomes modeling as a
tool to optimize Al for patient benefit.

In highly publicized statements, Al researchers have suggested that it may be relatively
easy for Al to replace radiologists.” Our findings, however, indicate that they will play an essential
role in bringing Al to clinical settings, as most PCPs are reluctant to accept Al without some
radiologist confirmation of some images. Our respondents’ acceptance of “human in the loop” Al
for breast cancer screening opens up new possibilities for exploring novel workflows that
incorporate the unique benefits of both human and machine. Much work remains to be done on
providers’ behavioral responses to the introduction of AI and on assessing the combined
performance of human-Al collaborative work.

The DCE we performed establishes a useful approach to soliciting other stakeholders’
preferences for Al. We found in this work that PCPs were engaged in the research and came to it
with ideas about Al that we were able to integrate. These ideas were later validated as important
attributes in our analysis of the responses. Similar future work could be meaningfully done with
patients, payers, and radiologists. Other future work could explore how generalizable our findings
about breast cancer screening would be to other potential applications of Al.

Our second experiment, likewise, opens the possibility of further research in the application
of health economic methods to Al. We applied outcomes modeling to the tasks of model
comparison and operating point selection for machine learning models, and found that it performs
as well as AUC and decision curve analysis methods. This validates the use of outcomes modeling.
Further work should explore cases where outcomes modeling may be superior as in, for example,
when disease outcomes are heterogeneous and some Al models may have lower detection rates in
high-risk subgroups. The data and analysis costs of such a project would be high. This means that
developing methods for measuring the costs of applying outcomes modeling should be developed
in tandem, which will allow researchers to decide when heuristic methods represent a better value

than the more labor- and data-intensive methods of health outcomes modeling.
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It is no longer adequate for Al and healthcare research to proceed along separate research

tracks. To tackle translational issues, Al needs researchers with domain knowledge of the
healthcare system. Likewise, healthcare research depends on Al to broaden the accessibility of
high-quality care and to reduce costs. The applications of health economics tools to Al is an
attempt at building a bridge between the two fields, which we hope will be bolstered by more

future work.
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