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Risk prediction models (RPMs), which estimate the probability of some future event, can inform
clinical decisions about appropriate testing and treatment. Novel, machine learning (ML)-based
RPMs have demonstrated superior performance for predicting events in numerous clinical
applications, but the utility of such models for decision-making in real-world clinical practice
remains unclear and uptake has been limited. We explored the development and evaluation of a
novel RPM in Cystic Fibrosis (CF), where predictions of short-term mortality can inform decisions
about when to refer patients for lung transplantation (LTx). In the first aim, we used real-world
data (RWD) and ML approaches to develop a novel RPM for predicting 2-year mortality among
adults with CF. We compared the discrimination accuracy and calibration of 8 potential ML
models to the biomarker forced expiratory volume in 1 second (FEVi) alone. Super learner, an
ensemble approach, had the highest discrimination accuracy at baseline, with an area under the
receiver operating curve (AUC) at baseline of 0.914 (95% CI: 0.898, 0.929), compared to 0.876
(0.858, 0.895) for FEV. In the second aim, we considered the potential impact of using the novel
ML model for clinical decision-making. Using health outcomes modelling with RWD, we
predicted the clinical decisions and downstream health outcomes of three alternative policies for
LTx referral: (1) ML-based decisions, (2) FEV-based decisions, and (3) usual care (UC) decisions
identified in RWD. ML-based referral resulted in more patients referred for LTx (20.4% of patients
(19.1%, 21.6)), compared to FEV1 (19.2% (18.0%, 20.4%)) and UC (12.4% (11.4%, 13.4%)). Of
patients who died without referral under usual care, 40% would have been referred under ML and
31% would have been referred under FEVi. However, given a fixed supply of organs available for
transplantation, higher referral rates did not lead to differences in the number of transplants or pre-



transplant deaths. We found no significant difference in 5-year post-transplant or overall 5-year
survival among policies. Our work demonstrates the value of using health outcomes modelling
with RWD to evaluate the potential real-world clinical utility of novel RPMs.
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Chapter 1. INTRODUCTION

Risk prediction models (RPMs) estimate the probability of some future event, such as
disease recurrence or short-term mortality. RPMs can be used to predict individualized patient risk,
allowing clinicians to identify high-risk patients for additional testing or treatment. Recently,
development of new RPMs has accelerated,' particularly models developed using machine-
learning (ML) methods.?

Unlike traditional methods for RPM development, which rely on scientific knowledge to
model clinical pathways, ML methods attempt to harness the power of data to learn observed
patterns. ML-based RPMs have demonstrated high performance for predicting events in numerous
healthcare applications.*® Flexible ML algorithms can capture complex interactions between
variables to better predict outcomes. With increasing access to big, high-dimensional datasets
generated through clinical care, such as EHR data, ML has become an attractive and feasible option
for the development of new RPMs across clinical domains.

However, despite high expectations about the value of ML and artificial intelligence (AI)
for predicting clinical outcomes, applications of ML/AI in clinical practice remain rare.”” A recent
systematic review found only 51 applications of Al in real-world clinical practice, among over
15,000 publications on ML or Al identified.!” This well-known gap between model development
and implementation has been termed the A7 chasm."" Numerous reasons for the chasm exist,
including small and/or unrepresentative samples used in model development, low model
interpretability, lack of validation studies, and logistical implementations challenges.”- > '* In this
dissertation, we focus in particular on the need for evidence about the real-world clinical utility
offered by novel RPMs. Current methods for assessing RPM performance focus primarily on
improvements in predictive accuracy, rather than improvements in clinical actions and subsequent
patient outcomes. While improvements in predictive accuracy are necessary, additional measures
are necessary to evaluate real-world clinical utility. As Shah et al. recently described in JAMA,

“[R]ealizing the potential benefit of machine learning for patients in the form of better care
requires rethinking how model performance during machine learning is assessed. A
framework for rigorously evaluating the performance of a model in the context of the

subsequent actions it triggers is necessary to identify models that are clinically useful.”*
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This dissertation explores the development and the rigorous evaluation of a novel ML-based
RPM, using Cystic Fibrosis (CF) as a case study. In CF, predictions of short-term morality can
inform decisions about when to refer a patient for lung transplant (LTx). Improved risk predictions
are critically needed because current approaches to predicting short-term mortality have relatively
poor performance.!>° In Chapter 2, we use state-of-the-art ML methods to develop candidate risk
prediction models for short-term mortality in CF and evaluate models using standard measures of
predictive performance. In Chapter 3, we use a framework of health outcomes modelling with real-
world data to predict real-world LTx referral decisions and downstream patient health outcomes

when using an ML for LTx referral decisions, compared to usual care.



Chapter 2. DEVELOPING A NOVEL MODEL FOR MORTALITY
RISK PREDICTION IN CYSTIC FIBROSIS

2.1 INTRODUCTION

Cystic Fibrosis (CF) is a genetic disease that causes death from progressive respiratory failure.?!
While advances in the treatment of CF have led to large improvements in survival, lung transplant
(LTX) remains a treatment approach after other therapeutic options have been exhausted.?*°
Determining the appropriate time for referral for LTx remains challenging because existing models
for predicting short-term mortality in CF have poor performance.?® Many risk prediction models
in CF have been attempted using traditional methods of first identifying clinically relevant
variables, then using stepwise selection or variable screening based on statistical significance to
select a final model.'”° However, previously developed risk prediction models typically perform
no better than percent predicted forced expiratory volume in 1 second (ppFEV1), a standard test of
pulmonary function.!” %27 1528 Although ppFEV/ is a strong biomarker,'? the accuracy of clinical
decision making may be improved if ppFEV could be combined with other clinical measures or
if the dynamics of longitudinal measures were incorporated into risk prediction models. On its
own, ppFEV; <30%, a common threshold used for referral, has low positive predictive value,
and median survival exceeding 6.5 years.”” A prediction model that could better discriminate
between patients who are likely to die within two years and patients likely to survive could be

valuable for informing LTx referral decisions.

Machine learning (ML) methods are promising for the development of an accurate multivariate
risk prediction model in CF. Machine learning methods encompass a broad range of statistical
tools, which vary in flexibility and interpretability.’**! In general, these methods make use of large
datasets to empirically develop models based on a large number of candidate predictors, rather
than strategies that limit to variables based on pre-specified scientific knowledge. ML methods
were recently used to predict short-term mortality in CF using UK registry data, and performed
better than ppFEV; alone.” We aim to use ML methods to develop a more accurate model for

short-term mortality in adults with CF in the United States.



2.2 METHODS

2.2.1 Data

We used 2012-2016 data from the CF Foundation Patient Registry (CFF PR), which collects
observational data for all US patients seen at CFF-accredited care centers who consent to
participate.>> The CFF PR is estimated to cover 80% the US CF population, and captures
approximately 95% of clinic visits and 90% of hospitalizations for participating patients.*® Data
on patient diagnosis, demographics, encounters, care episodes, and annual summaries are entered
electronically by care center staff using information from electronic medical records and patient
forms.* For this study, the CFF PR data was merged with data from the United Network for Organ
Sharing (UNOS). UNOS data was used only to ascertain death and lung transplant outcomes for
individuals who entered the lung transplant waiting list. The data merge and initial data cleaning
have been described elsewhere.>* This study was approved by the University of Washington
Institutional Review Board (Study #2270) and the Seattle Children’s Research Institute (Study
#PIROSTUDY 15294).

Our study cohort consisted of US CFF PR adults (>18 years old) who had not undergone LTx by
January 1, 2012, and recorded at least one encounter in 2012 (n=11,524). We excluded individuals
without any encounter (n=901) or annual (n=8) level datain 2011. The final study cohort included
10,615 patients. The first encounter in 2012 was used as the baseline encounter. We split the patient
population into training (60%) and validation sets (40%) to validly develop and evaluate prediction

models according to guidelines in the TRIPOD statement.>”

Because the registry is estimated to
cover >80% of the population of interest, including all CF centers in the US, we did not use an

external validation set from a separate data source.

2.2.2 Outcome

We considered a binary composite outcome of pre-transplant death or LTx in two years. While

death without LTx and transplant are not equivalent, both represent severe outcomes in CF and the

use of a composite outcome is common when measuring clinical progression of disease.?” *? In
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model development we considered outcomes within 2 years of baseline. In model validation, we
also considered time-varying outcomes, with 2-year outcome status updated at each encounter

from 2012 - 2014.
2.2.3 Variables

We aimed to include as many variables as possible in model development, including patient
demographics, encounters, episodes, and annual health summaries. We took several pre-
processing actions to improve the accuracy and generalizability of our model. For lab and
microbiology values, which were frequently missing at any given encounter but generally available
in the prior year, we used the most recent available lab and microbiology values in the past 12
months and included an indicator for the whether a lab value was measured at the current visit. We
categorized lab values into clinically meaningful categories and used a missingness category when
no values were available in the prior 12 months. We excluded lab measures for which >50% of
patients had no measures in the last 12 months. Complications and comorbidities were treated as
present if documented at any encounter in the prior 12 months and absent otherwise. We excluded
very rare complications and bacteria (occurring in <1% of patients). All episode information was

summarized for the prior rolling 12-month period (i.e. total hospital nights in prior 12 months).

Our analysis adopts a novel strategy for the use of longitudinal clinical assessments and leverages
the availability of individual patient histories for use in prediction. Specifically, we incorporated
longitudinal information for height, weight, and pulmonary function tests (PFTs) using partly
conditional models, which relate a longitudinal biomarker process to an outcome process. PFTs
include ppFEVi, percent predicted forced vital capacity (ppFVC), and FEVI to FVC ratio
(FEV1/FVC). In order to fully leverage the longitudinal history of each time-varying PFT, we
derived individual fitted values from a comprehensive linear mixed model analysis and for each
patient at each follow-up time we extracted the best linear unbiased predictor (BLUP) estimator,
which both incorporates information from patients’ longitudinal histories and can reduce
measurement error.’® Raw and BLUP ppFEV; values over time are presented graphically for a
sample of patients (Figure 1). We view the computation of predicted values as a form of feature-
engineering that can be done to incorporate biological or statistical information about a set of

predictors prior to their incorporation into machine learning algorithms in order to improve
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empirical performance.’’” BLUPs were also used to impute the value at encounters where it was
missing, using information collected up to that point. We also included the change in PFT BLUP
values over the past 6 months. In a sensitivity analysis, we tested whether the inclusion of residuals
(i.e. ppFEV1 -ppFEV| BLUP) improved performance, which would suggest information loss due

to over-smoothing of biomarker values. Additional detail is provided in Appendix A.

(a) ppFEV1 Original Marker Values (b) ppFEV1 BLUP Values
1251 1251
100 1 100 1
o
=)
~ -
a 751 - 751
s 2
Q [
o \/\1——"""'—"’\’\'—*—\
o
~\ ,,F':: N\ A
501 50 ’[\-' :\Q ~ -\
251 251
0 2 4 6 0 2 4 6
Measurement Time Measurement Time
(Time since baseline encounter in 2011) (Time since baseline encounter in 2011)

Figure 1: Raw and smoothed ppFEV1 values over time. ppFEV1 over time is presented for 8 randomly
sampled patients, each represented by color. Panel a contains raw ppFEV1 measures and panel b contains
smoothed best linear unbiased predictor (BLUP) values, which incorporate an individual’s ppFEV1 history

up to the current measure.

Consistent with previous CF risk prediction models, our primary model considered physiologic
factors only, and did not include race or proxies of socio-economic status (SES).'*2* 32 Despite
lower SES being associated with poorer outcomes in many applications, including CF,***? race
and SES proxies are rarely included explicitly in clinical risk prediction models because inclusion
can be perceived as racial profiling or supporting differential decision-making on the basis of race
or SES.*% To test whether the inclusion of race and SES proxies would improve performance
overall or within lower SES subgroups, we tested secondary models that included race and SES

proxies (education, insurance type, patient assistance programs). We compared the AUC and
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calibration of models that included race and SES proxies to the AUC of our primary models. We

also evaluated model AUC within subgroups of educational attainment, a proxy for SES.

Multi-level categorical variables were transformed to binary variables. We included squared terms
for age, BMI, height, and PFT values and interactions between ppFEV; and each of gender, age,
delF508 status, and an indicator of pulmonary exacerbation at the current encounter. The primary

model considered 202 binary or continuous variables.

224 Models

> elastic net,*® ridge regression,?’ random

We considered a diverse set of ML models: lasso,*
forest,*® extreme gradient boosting (XGBoost),* and support vector machine (SVM).>® We also
used a stacking ensemble, super learner’!, which combines the base ML models in an optimally
weighted combination, and has shown high performance in many applications.’’ We chose models
that vary in interpretability and flexibility. Lasso, elastic net, and ridge are penalized regression
approaches that offer less flexibility but can be interpreted directly. Lasso may be especially
appealing in clinical practice because it can perform variable selection, yielding a sparse, easily
interpretable model.* In contrast, random forest, XGboost, and SVM are highly flexible
approaches that may better capture non-linearity in predictors, but have limited interpretation.
Finally, super learner can capitalize on the strengths of each base model by creating a weighted
ensemble.’! For all models, tuning parameters were selected through 10-fold cross-validation, then

fit to the entire training set. We provide additional detail on tuning parameters and fitting

procedures in Appendix B. All analyses were conducted in R.>?

To aid in interpretability, variable importance measures were calculated for random forests using
a permutation approach and XGBoost using frequency. At present, variable importance measures
are not available from SuperLearner.>® As a comparator, we separately considered a model of raw

ppFEV1 alone. For observations missing ppFEV1, we imputed ppFEV using the ppFEV1 BLUP.
2.2.5  Evaluation

We evaluated the performance of all ML models against ppFEV alone in the 40% validation set.

Discrimination accuracy was evaluated in three ways. First, we evaluated AUC at baseline for all
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models. Second, we assessed AUC over time using dynamic predictions, where patients’ predicted
and true outcome status were updated at each encounter between 2012 and 2014 using the most
recently collected information. Dynamic predictions are more reflective of clinical practice, where
decisions are made repeatedly over time using new information, rather than at a single timepoint.?”
% Third, we assessed sensitivity, positive predictive value (PPV), and negative predictive value
(NPV) for fixed specificity levels of 85%, 90%, 95%, and 99%. Confidence intervals were
obtained through bootstrapping. Calibration was assessed graphically by comparing observed
versus predicted risk deciles at baseline. While our primary analysis defined cases and controls
based on 2-year outcomes, we also considered the predicted risk distribution with controls
disaggregated into those with events outside the primary 0-2 year window, and consider proximal
controls as subjects with subsequent events in 2-3 years (near controls) as compared to those

without events through 3 years (far controls).

Because referral for transplant is only considered when patients have elevated risk of short-term
mortality, we performed subgroup analyses on the higher risk population, which we define as
patients with ppFEV; <40 at baseline. We separately evaluated AUC and calibration within this

subgroup.
2.3  RESULTS

2.3.1 Population Characteristics

Characteristics at baseline by outcome status are provided in Table 1. Overall, 8% of the sample
experienced death (n=467) or transplant (n= 362) within 2 years of the baseline 2012 encounter.
Characteristics disaggregated by death vs LTx outcomes are given in Appendix C. Those with pre-
LTx death or LTx within 2 years had lower BMI, ppFEV1, and ppFVC at baseline, and higher rates
of oxygen use. Consistent with CF demographics, the study population is overwhelming white
(95.6%). Few patients (1%) were on a cystic fibrosis transmembrane conductance regulator

(CFTR) modulator (ivacaftor) at baseline.



Table 1: Baseline Characteristics. Continuous variables reported as mean(sd). Categorical variables
reported as n(%). Height, ppFEV 1, ppFVC refer to smoothed BLUP values. BMI is calculated from
smoothed height and weight BLUP values.

Age

Female

Race
White
Black
Hispanic

Other or Unknown

BMI
Height
Mutation Class
1,2,0r3
4or5
Other
Unknown
F508del Mutation
Homozygous
Heterozygous
None
Unknown
ppFEV1
ppFVC
Oxygen
Yes
No
Unknown
P. aeruginosa
S. aureus
MRSA
MSSA
Burkholderia complex
B. cenocepacia
Ivacaftor
Education
High School
College
Unknown
Insurance
Private
Medicaid
Other
Medicare
Missing

Alive, pre-LTx in 2

Years
(n=9768)
30.0 (10.6)
4588 (47.0%)

9332 (95.5%)
314 (3.2%)
19 (0.2%)
103 (1.1%)
22.7 (3.93)
168 (9.43)

6960 (71.3%)
1084 (11.1%)
155 (1.6%)
1569 (16.1%)

4460 (45.7%)

3933 (40.3%)

1235 (12.6%)
140 (1.4%)
65.2 (21.9)
79.4 (18.4)

1248 (12.8%)
8374 (85.7%)
146 (1.5%)
5939 (60.8%)
5052 (51.7%)
2309 (23.6%)
3807 (39.0%)
339 (3.5%)
49 (0.5%)
114 (1.2%)

2749 (28.1%)
6040 (61.8%)
979 (10.0%)

6152 (63.0%)
2356 (24.1%)
557 (5.7%)
496 (5.1%)
207 (2.1%)

Death or LTx in 2

years
(n=847)
31.8 (11.0)
443 (52.3%)

809 (95.5%)
27 (3.2%)
3 (0.4%)
8 (0.9%)
20.4 (4.20)
165 (9.86)

622 (73.4%)
46 (5.4%)
54 (6.4%)

125 (14.8%)

416 (49.1%)
297 (35.1%)
81 (9.6%)
53 (6.3%)
34.9 (15.4)
52.7 (15.9)

564 (66.6%)
275 (32.5%)
8 (0.9%)
638 (75.3%)
374 (44.2%)
280 (33.1%)
212 (25.0%)
50 (5.9%)
5 (0.6%)
6 (0.7%)

287 (33.9%)
451 (53.2%)
109 (12.9%)

366 (43.2%)
362 (42.7%)
39 (4.6%)
74 (8.7%)
6 (0.7%)

Overall
(n=10615)

30.1 (10.6)
5031 (47.4%)

10141 (95.5%)
341 (3.2%)
22 (0.2%)
111 (1.0%)
22.5 (4.00)
168 (9.49)

7582 (71.4%)
1130 (10.6%)
209 (2.0%)
1694 (16.0%)

4876 (45.9%)

4230 (39.8%)

1316 (12.4%)
193 (1.8%)
62.8 (23.0)
77.3 (19.6)

1812 (17.1%)
8649 (81.5%)
154 (1.5%)
6577 (62.0%)
5426 (51.1%)
2589 (24.4%)
4019 (37.9%)
389 (3.7%)
54 (0.5%)
120 (1.1%)

3036 (28.6%)
6491 (61.1%)
1088 (10.2%)

6518 (61.4%)
2718 (25.6%)
596 (5.6%)
570 (5.4%)
213 (2.0%)

14
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2.3.2  Discrimination Accuracy

All ML models had higher AUC at baseline than ppFEV; alone, though confidence intervals
overlap in some cases (Table 2). Super learner had the highest AUC at baseline, 0.914 (95% CI:
0.899, 0.929) and ppFEV1 had the lowest, 0.877 (0.858, 0.896). When predictions and outcomes
were updated dynamically over time, as is done clinically with the lung allocation score, AUC
remained fairly consistent (Table 2). Model AUC rankings also remained relatively consistent over

time except for SVM and ppFEV, which alternately performed worst.

ML models also outperformed ppFEV; at thresholds of decision-making corresponding to fixed
levels of baseline specificity, though confidence intervals overlapped (Table 3). Super learner had
the highest sensitivity at all levels of fixed specificity. At fixed specificity of 95%, super learner
had sensitivity of 60% (51%, 64%), while ppFEVi had sensitivity of 49% (42%, 55%). Among
ML models, SVM had the worst performance at all levels of specificity. For fixed specificity levels
<95%, all models had PPV <50% (Table 3). PPV point estimates were higher for ML models than
ppFEV1, but confidence intervals overlapped. All models predicted higher risk for patients who
had an event in 2-3 years (near controls), compared to those without events in 3 years (far controls)

(Figure 2).

Table 2: AUC Performance over Time (Dynamic Predictions). AUC is given every 6 months from baseline, using
the most recent risk prediction and outcome status at that time, for all patients still at risk of pre-LTx mortality.

Model Baseline 6 months 12 months 18 months 24 months 30 months 36 months

Super 0.914 (0.898, 0.917(0.903, 0.927 (0.913, 0.921 (0.907, 0.920 (0.906, 0.918 (0.904, 0.904 (0.875,

Learner 0.929) 0.932) 0.94) 0.935) 0.934) 0.932) 0.932)

Ridee 0010894, 0.916(0.902, 0.927(0.914, 0.919(0.904, 0916(0.902, 0912 (0.898, 0.901 (0.875,
g 0.926) 0.931) 0.94) 0.933) 0.93) 0.926) 0.928)

Elastic  0.912(0.897, 0.917(0.904, 0.927 (0.914,  0.92(0.906,  0.916(0.902, 0.916(0.901,  0.902 (0.875,
Net 0.927) 0.931) 0.939) 0.933) 0.93) 0.93) 0.93)

Lasso 0913 (0898, 0.918(0.904, 0927(0.915,  0.92(0.907, 0.917(0.903, 0.916(0.902, 0.904 (0.877,
0.928) 0.932) 0.94) 0.934) 0.931) 0.931) 0.931)

Random  0.91(0.894, 0.914 (0.899, 0.922 (0.908, 0.916(0.902, 0.918 (0.904, 0.918 (0.903,  0.899 (0.869,
Forest 0.925) 0.929) 0.936) 0.931) 0.932) 0.933) 0.93)

XGBoost  0-911(0895, 0.917(0.903,  0.919(0.906, 0.916(0.902, 0.917(0.903, 0.914 (0.899, 0.901 (0.872,
0.926) 0.93) 0.933) 0.931) 0.931) 0.93) 0.929)

sym  0-884(0.865,  0.882(0.863, 0.898 (0.881, 0.896 (0.880, 0.890 (0.872, 0.888 (0.869, 0.877 (0.845,
0.903) 0.902) 0.915) 0.912) 0.908) 0.906) 0.909)

ppFEV1 0876 (0858, 0.884(0.867, 0.891 (0874, 0.890(0.873, 0.887(0.868, 0.891(0.872,  0.888 (086,

0.895) 0.901) 0.908) 0.907) 0.905) 0.909) 0.915)
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Table 3: Sensitivity, Positive Predictive Value, and Negative Predictive Value for Fixed Specificity.

Sensitivity, specificity, positive predictive value, and negative predictive value were calculated at baseline

for each model. 95% confidence intervals were bootstrapped.

Specificity =

Specificity =

Specificity =

Specificity =

Super Learner
Lasso

Random Forest
Elastic Net
Ridge
XGBoost

SVM

ppFEV:

Super Learner
Lasso

Random Forest
Elastic Net
Ridge
XGBoost

SVM

ppFEV:

Super Learner
Lasso

Random Forest
Elastic Net
Ridge
XGBoost

SVM

ppFEV:

85%

84% (79%, 88%)
83% (79%, 86%)
83% (78%, 87%)
83% (78%, 86%)
82% (77%, 86%)
81% (75%, 84%)
76% (71%, 81%)
73% (68%, 78%)

32% (29%, 35%)
32% (29%, 35%)
31% (29%, 35%)
31% (29%, 35%)
31% (29%, 34%)
31% (28%, 34%)
31% (27%, 33%)
29% (26%, 32%)

98% (98%, 99%)
98% (98%, 99%)
98% (98%, 99%)
98% (98%, 99%)
98% (98%, 99%)
98% (98%, 99%)
98% (97%, 98%)
97% (97%, 98%)

90%
Sensitivity
77% (71% ,81%)
75% (68%, 79%)
75% (69%, 80%)
76% (68%, 79%)
76% (69%, 80%)
74% (68%, 78%)
72% (64%, 76%)
66% (60%, 71%)

PPV
39% (36%, 42%)
38% (35%, 42%)
38% (35%, 42%)
38% (35%, 42%)
39% (35%, 42%)
38% (35%, 41%)
37% (34%, 41%)
36% (32%, 39%)

NPV
98% (97%, 98%)
98% (97%, 98%)
98% (97%, 98%)
98% (97%, 98%)
98% (97%, 98%)
98% (97%, 98%)
97% (97%, 98%)
97% (96%, 97%)

95%

60% (51% ,64%)
59% (51%, 63%)
60% (53%, 64%)
59% (51%, 63%)
60% (48%, 64%)
58% (51%, 62%)
54% (47%, 58%)
49% (42%, 55%)

48% (45%, 53%)
48% (45%, 53%)
49% (45%, 53%)
48% (45%, 53%)
49% (44%, 53%)
48% (44%, 53%)
46% (43%, 51%)
44% (40%, 49%)

97% (96%, 97%)
96% (96%, 97%)
97% (96%, 97%)
96% (96%, 97%)
97% (95%, 97%)
96% (96%, 97%)
96% (95%, 97%)
96% (95%, 96%)

99%

37% (25%, 36%)
33% (24%, 35%)
32% (22%, 34%)
33% (24%, 35%)
34% (22%, 34%)
34% (23%, 36%)
32% (22%, 34%)
26% (14%, 29%)

68% (66%, 76%)
65% (65%, 75%)
66% (64%, 75%)
65% (65%, 75%)
67% (64%, 75%)
66% (65%, 77%)
64% (60%, 74%)
60% (55%, 71%)

95% (94%, 95%)
95% (94%, 95%)
94% (93%, 95%)
95% (94%, 95%)
95% (93%, 95%)
95% (94%, 95%)
94% (93%, 95%)
94% (93%, 94%)
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Figure 2: Discrimination by Outcome, Near vs. Far controls. Cases refer to patients who experienced
death or LTx within 2 years of baseline. Near controls experienced death or LTx in 2-3 years from baseline.
Far controls did not experience death or transplant within 3 years. Y-axis refers to baseline predictions for

each model.

233 Calibration

ML models generally had better calibration than raw ppFEV (Figure 3). ppFEV: underpredicted
events in the highest risk patients, with the top decile by ppFEV1 having mean predicted probability
of death or transplant of 36.6% and observed events in 42.5% of patients. In contrast, ML models
better discriminated between cases and controls, such that the observed event rate in the top decile
of risk was higher and predicted more accurate risk, with mean predicted probabilities of event by
decile closer to observed probabilities. For example, the highest risk decile for the lasso model had
mean predicted probability was 47.7% and observed events occurred in 47.4% of patients. The top
super learner decile had a mean predicted probability of events of 43.1% and observed events

occurred in 47.6% of patients.
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Variable importance results, provided in Appendix D, showed that measures of pulmonary

function, episodes, and BMI values were most important to predictions in the random forest and

XGBoost models. In both models, ppFEV: was the single most important predictor.
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Figure 3: Baseline Calibration. For each model, the top panel compares observed versus predicted

probability of 2-year death of LTx at baseline. The diagonal reference line indicates perfect calibration,

where the observed probability of events (y-axis) equals the predicted probability of events (x-axis). Each

decile of model-specific risk is represented as a point. Points that lie above the dashed line represent

underprediction (observed probabilities are higher than predicted) and points below the dashed line

represent overprediction (observed probabilities are lower than predicted). The bottom panel contains the

distribution of predictions for each model. In all models, most patients had a low (<20%) predicted

probability of death or LTx.

234

High-Risk Subgroup Analysis

Compared to the overall cohort, baseline AUC in the higher risk population (ppFEV:1 <40% at

baseline) was lower for all models, but the difference between the ML models and ppFEV: was

greater (Table 4Error! Reference source not found.). AUC was highest for random forest, 0.80
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(0.77, 0.83), and lowest for ppFEVi, 0.73 (0.69, 0.77). Calibration plots for the higher risk
subgroup are shown in Figure 4. Among this subgroup, the range of predicted risk for a model
with ppFEV alone is relatively narrow, with the highest risk decile having predicted risk of 51.3%
and observed events in 64.0% of patients. In contrast, the ML-based models spread risk over a
wider and more accurate range. For example, the highest lasso decile had a mean predicted

probability of 80.9% and observed events in 77.5%.

Table 4: Baseline Performance, High-Risk Subgroup (Baseline ppFEV1 <40)

Model AUC
Super Learner 0.794 (0.762, 0.827)
Lasso 0.788 (0.755, 0.821)
Elastic Net 0.787 (0.754, 0.821)
XGBoost 0.792 (0.76, 0.825)
Ridge 0.782 (0.748, 0.815)
Random Forest 0.798 (0.766, 0.830)
SVM 0.762 (0.727, 0.798)

ppFEV1 0.731 (0.694, 0.768)
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Figure 4: Baseline Calibration, High-Risk Population (Baseline ppFEV1 <40). For each model, the top
panel compares observed versus predicted probability of 2-year death of LTx at baseline. The diagonal
reference line indicates perfect calibration, where the observed probability of events (y-axis) equals the
predicted probability of events (x-axis). Among the high-risk population, each decile of model-specific risk
is represented as a point. Points that lie above the dashed line represent underprediction (observed
probabilities are higher than predicted) and points below the dashed line represent overprediction (observed
probabilities are lower than predicted). The bottom panel contains the distribution of predictions for each

model. In all models, most patients had a low (<20%) predicted probability of death or LTx.
2.3.5  SES Subgroup Analysis

AUC differed across levels of education attainment, a proxy for SES (Appendix E). 61% of
patients had at least some college education. All ML models performed best among those with
college education, compared to those with a high school education or unknown educational
attainment. Super learner baseline AUC was 0.93 (0.91, 0.95), 0.89 (0.86, 0.92), and 0.89 (0.83,
0.95) among subgroups with college education, high school education, and unknown educational
attainment, respectively (Appendix E). The disparity in discrimination accuracy between levels of
educational attainment was similar for all models, including ppFEV: alone. Including SES
predictors explicitly in ML models did not impact overall performance, nor did it reduce the

disparity in accuracy between levels of educational attainment (Appendix E). For example, super
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learner AUC was 0.91 (0.90, 0.93) in versions with and without SES variables. Further, SES

variables were not among the 20 most important variables in random forest or XGBoost models.

A secondary analysis of a model that included BLUP residuals as candidate variables had minor
differences in AUC (Appendix A). For example, AUC for super learner was 0.913 (0.898, 0.929),
compared to 0.914 (0.899, 0.929) in the primary model.

2.4 DISCUSSION

We find that ML-based models had marginally higher discrimination accuracy and sensitivity for
fixed specificity than ppFEV alone for the prediction of death or LTx in adults with CF in the US.
While ML models performed better than ppFEV| alone, no single model consistently performed
best across all evaluation metrics or subgroups. The super learner had the highest AUC and
sensitivity for fixed specificity, but poorer calibration overall. Lasso showed better calibration

overall, but performed poorly among the higher-risk subgroup.

While our ML models can be used for predictions in all adult patients, the benefits are especially
prominent among the more clinically relevant population of higher-risk patients (ppFEV1 <40%).
In this population, the difference in AUC between ML models and ppFEV: was greater. In
addition, ML models had better calibration than ppFEV and spread risk over a larger and more

accurate range.

This is the first study to use longitudinal feature engineering and a variety of ML approaches for
the development of a new risk prediction model for adults with CF in the US. A previous study in
the UK also used ML to predict short-term (3-year) mortality in CF.** Our methods differ in several
respects: the UK study considered a full automated ML pipeline, did not include super learner, and
used a population of all ages. Still, they similarly found that among classifiers considered,
XGBoost performed relatively well (AUC = 0.87 +0.02) and SVM performed relatively poorly
(AUC = 0.84 £.03). The most important variables in our random forest and XGBoost models are
consistent with previous studies. ppFEV was the most important variable in both models, similar
to previous studies.'> 2% Other important variables in our models, including BMI, oxygen use,

and various indicators of number of clinical encounters have also been identified in previous
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models.'” 2% 32 However, our ML-based models allowed for more flexible inclusion of these
variables, which may have improved performance relative to traditional models. The ML models
in this study had higher sensitivity for fixed levels of specificity than previous models in the US.
A 2002 study by Mayer-Hamblett and colleagues found that for fixed specificity of 95%, their
multivariate model had sensitivity of 52% (39%, 64%) and PPV of 33% (24%, 44%), while
ppFEV1 had sensitivity of 42% (30%, 55%) and PPV of 28% (19%, 38%). At the same specificity,
we found sensitivity of 60% (51%, 64%) and PPV of 48% (45%, 53%) for super learner, and
sensitivity of 49% (42%, 55%) and PPV of 44% (40%, 49%) for ppFEV1 alone. However,
differences may be due to different populations (all CF patients versus adults), outcome definitions

(death versus death without LTx or transplant), and time periods studied.

In addition to the use of ML, our approach expands on previous studies by using dynamically
updated information. To our knowledge, previous models in a US population have relied on
annualized calendar year data. When used in clinical practice, such annualized data would only be
available for last complete calendar year, which may not represent the most recent information on
the patient and would become more outdated as the year progresses. In contrast, we used
encounter-level data and summarized lab, microbiology, and episode information on a rolling 12-
month basis, so that predictions can be updated at every encounter using the most recently collected
information. We found AUC was maintained over time when using dynamic predictions,

suggesting our model could be valid for use at the point of care.

Our findings should be viewed in the context of several limitations. We relied on registry data,
which has certain limitations. Data may be entered incompletely or inconsistently between and
within sites. Further, we were limited by the variables available in the CFF PR. The registry
currently does not capture measures of 6-minute walk test, pulmonary hypertension, or blood gas
(Pa02, PaCO2), all potentially important predictors of mortality.”>>” Given the time period
modeled, the only CFTR modulator included in our models was Ivacaftor, which was only
available during the study period for patients with a G551D gating mutation, a small population.
Recently approved CFTR modulators will cover the majority of patients with CF and are likely to
significantly alter the trajectory of respiratory function in CF.® % Models will need to be updated

as the use of CFTR modulators increases.
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ML methods improved performance for all strata of educational attainment, a proxy for SES, but
all models, including ppFEV1, had lower discrimination accuracy for those with lower educational
attainment. Including education and other proxies of SES in models did not change overall model
performance, nor did it reduce the disparities in model performance between levels of educational
attainment. SES-related disparities in CF care have been previously documented. Proxies of low

39, 40

SES are significant predictors of non-referral for LTx, and factors associated with lower SES,

including distance from transplant center and poor social support, can be barriers to LTx.** %
Further research is needed to explore the potential impact of a risk prediction model on SES-related

disparities in care and outcomes in CF.

Additional work is needed to consider the patient health outcomes of decision-making under each
model, as misclassification or miscalibration does not have uniform clinical consequences.
Miscalibration among the highest risk patients may be inconsequential, as predicted risk for these
patients is likely to far exceed the threshold for referral decision-making. By comparison,
miscalibration near the decision threshold could have a larger impact on long-term patient
outcomes. Finally, while ML models perform better than ppFEV1, actual referral practices are
heterogenous, with many clinicians considering factors other than ppFEV;.?® 3 4 Therefore, it

remains unclear whether ML models would perform better than observed clinical decision-making.
2.5 CONCLUSION

ML-based models had higher discrimination accuracy than ppFEV; alone for the prediction of
short-term mortality in adults with CF in the US. ML models performed similarly, but AUC was
highest for super learner. Additional work is needed to consider the expected patient health

outcomes associated with referral decision-making that relies on ML-based risk prediction models.
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Chapter 3. AFRAMEWORK FOR USING REAL-WORLD DATA
AND HEALTH OUTCOMES MODELLING TO
EVALUATE MACHINE-LEARNING BASED
RISK PREDICTION MODELS

3.1 INTRODUCTION

Despite the rapid development of new risk prediction models (RPMs) using machine-learning
(ML) methodologies, few RPMs have been implemented for use in clinical practice.! 7 %2839 One
reason for the gap between development and implementation is a lack of evidence on the real-
world clinical utility offered by new RPMs: the expected change in downstream patient outcomes
if an RPM were used for decision-making in clinical practice.’*® While improvements in
predictive accuracy are necessary for consideration of novel RPMs, prediction accuracy alone is
not sufficient for assessing real-world clinical utility because it does not account for the complex
clinical context in which the model would be used. Additional consideration is needed for real-
world factors that impact RPM utility clinical practice, including (1) the true, heterogenous current
process for making decisions, and (2) the downstream patient outcomes associated with clinical

decisions.

Novel RPMs are typically compared to a reference model - an existing risk prediction model,
biomarker or clinical guidelines.®”*® However, real-world clinical practice often deviates from the
reference model. Clinical decision-making is frequently heterogenous, with different clinicians
weighing different factors in decisions, including various pieces of evidence, historical experience,
and preferences.”® - % 70 Clinicians also have access to information not included in the risk
prediction model, including expensive tests available for only a subset of patients and subjective
clinical impressions. In such cases, it remains unclear whether new models that demonstrate
superior performance relative to a reference model would also demonstrate superior performance

compared to usual care (UC).
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Furthermore, studies rarely relate changes in the discrimination and calibration properties of a
predictive model to changes in downstream patient outcomes.” ’! Some approaches have been
proposed, such as considering the balance of false positives and false negatives at a given
threshold.”> 7 However, in many cases, treatment effects are heterogenous, with not all true
positives experiencing the same benefits of treatment and not all false negatives and false positives
experiencing the same harms of misclassification. In cases of heterogenous treatment effects,
discrimination accuracy will fail to capture the expected patient impacts, for example, that a model
which better identifies cases with /arge treatment benefits offers higher clinical utility than a model

that better identifies cases with smaller treatment benefits.

We propose a health outcomes modeling framework that relies on real-world data (RWD) to
estimate changes in real-world clinical decisions and linked downstream outcomes when an RPM
is used in clinical practice. We leverage RWD to mimic the clinical context in which a novel RPM

model would be used, providing a clearer picture of consequences when used in clinical practice.

We selected lung transplant (LTx) referral decisions in cystic fibrosis (CF) as a case study for three
primary reasons. First, the standard predictor of short-term mortality in CF, forced expiratory
volume in one second (FEV), has low positive predictive value, and'>2° we previously developed
an ML-based RPM with better discrimination accuracy and calibration (Chapter 2). Second, UC
for referral decision-making is heterogenous, so performance improvements relative to FEV| may
not be indicative of performance relative to UC.?* 3 4% Third, the relationship between clinical
decisions and patient outcomes is complex given limited transplant availability’* and heterogenous

26,75,76

transplant benefits, so additional consideration of downstream outcomes is needed.

3.2  METHODS

3.2.1 Data

We used RWD from the CF Foundation Patient Registry (CFF PR), which collects longitudinal,
observational data for all US patients seen at CFF-accredited care centers who consent to
participate.>® Data on patient diagnoses, demographics, encounters, care episodes, and annual

visits are entered electronically by CF care center staff using information from electronic medical
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records and patient forms.>* The CFF PR covers approximately 80% the US CF population, and
includes 95% of clinic visits and 90% of hospitalizations for participating patients.>* Our cohort
included CFF PR adults (>18 years old) who had not undergone LTx by January 1, 2012, and had
at least one encounter in both 2011 and 2012 (n = 10,615). Our cohort was followed until
December 31, 2016. We previously split cohort data into training (60%) and validation sets (40%)
sets to develop and evaluate the ML model. The 40% validation set (n = 4,247) was used in this

microsimulation.

CFF PR data was linked to United Network for Organ Sharing (UNOS) data, which contains
additional waitlist, transplant, and post-transplant information for patients who were listed for LTx.
UNOS data also contains detailed information on donated organs. The data linkage was performed
by a team at the University of Washington in collaboration with a team from the University of
Toronto.>* 77 This study was approved by the University of Washington Institutional Review
Board (Study #2270), by St Michael's Hospital, Toronto, Ontario, Canada (Research Ethics Board
#14-148) and the Seattle Children’s Research Institute (Study #PIROSTUDY 15294).

3.2.2 Microsimulation Model structure

We developed a microsimulation model with 5 mutually exclusive health states: pre-referral,
evaluation, waitlist, transplanted, and dead (Figure 5). Patients began in the state corresponding
with their status on January 1, 2012: pre-referral, evaluation, or waitlist. Patients transitioned from
pre-referral to evaluation at their time referral, which varied between ML, FEV1, and UC policies.
Evaluation, modeled as a tunnel state, represents the time between referral and waitlisting when
patients are evaluated for LTx. Patients surviving evaluation transitioned to the waitlist, where
they remained until they were matched with an organ for transplant or died before transplant.
Finally, transplanted patients remained in the transplanted state until their simulated time of post-
transplant death. Transitions between states were determined by individual-specific transition
probabilities that rely on RWD, described in detail in the following sections. We used a cycle time

of 1 day and a time horizon of 5 years. Modeling was conducted in R.>?
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Figure 5: Microsimulation Model. Microsimulation model with 5 mutually exclusive health states: pre-
referral, evaluation, waitlist, transplanted, and dead. Patients waitlisted before model start begin in the
waitlist state, all other patients begin in pre-referral. A patient moves from pre-referral to evaluation at the

time of referral (orange arrow), which varies between policies.

3.2.3  Interventions: Referral Policies

We considered 3 potential policies for referring patients for LTx: (1) ML-model based, (2)
reference model (FEV1)-based, and (3) usual care. The ML policy used individual risk predictions
from a previously developed ML model for 2-year mortality. The ML model used Super learner,
an ensemble ML approach that optimally combines multiple underlying models.’" > ML had

higher discrimination at baseline and over time and better calibration than FEV; (Chapter 2).

For ML-based referral decision-making in our microsimulation, we applied a decision rule that
reflects the model’s likely use in clinical practice. We assumed referral would occur at the first
clinic visit where a patient’s predicted ML risk exceeds the threshold corresponding to 95% model
specificity at baseline. This rule was selected because it matches the specificity of the common
FEV| <30% criteria.'” However, any alternative decision rule could be considered, including
differing levels of specificity or more complex rules, such as multiple visits or time periods when
criteria are met. For FEVi-based policies, referral occurred at the first clinic visit with a stable
FEV, < 30% predicted based on the Global Lung Initiative equations for percent predicted.” For
UC, the referral time was determined used RWD. We describe referral in detail in section 3.2.6.1

below.
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3.2.4  Simulation Population

RWD often contains numerous longitudinal measures, whose relationships over time are unknown.
Our RWD, for example, contains correlated, longitudinal information on patients’ visit times, lung
function, other health factors, predicted ML risk, and pre-LTx survival. Simulating a dataset that
preserves the complex underlying relationships between these variables would be extremely
challenging. As an alternative to a simulated population for estimating microsimulation
uncertainty, we use the approach of plasmode simulation, where resampled populations
(“plasmodes™) are drawn from observed data.” 3 Unmodified, observed data for the resampled
population are combined with modeling to simulate unknown elements. For example, resampled
patients could retain their characteristics and longitudinal exposures documented in RWD, while
outcomes are simulated using a model. This flexible approach is useful for preserving the complex
underlying relationships between the potentially hundreds of variables in RWD.” However, it is

also more computationally intensive than a completely simulated population.

In each of 1,000 microsimulation model runs, we drew 1 resampled population from observed
cohort data. Each resampled patient retained their true, observed covariate history up to the time
of transplant, including visit history, ML risk scores, pulmonary function, and pre-transplant
survival. Transplant timing and post-transplant outcomes were then simulated, using models
described below. We also used modeling to synthetically extend patients’ pre-transplant covariate
history in cases where their actual time of transplant occurred earlier than it would have under an
alternative policy (i.e. when pre-transplant covariate history is censored by transplant).®!

Resampled versus modeled elements are summarized in Appendix F.
3.2.5 Outcomes

For each referral policy, we estimated the following outcomes: 5-year overall survival (the sum of
time spent in all non-death states), number of 5-year pre-transplant deaths, and number of post-

transplant deaths.
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3.2.6 State Transitions

3.2.6.1 Referral (Pre-referral =2 evaluation)

3.2.6.1.1 Model-based policies
For the ML-based policy, LTx referral time was determined using each patient’s risk predictions

and absolute contraindications to transplant over time. ML risk predictions for each patient were
obtained at every pre-LTx clinic visit from model start to model end, using the information
collected up to that visit. This approach mirrors true clinical practice, where decisions are made
repeatedly at visits over time, using the most up-to-date information.>* ML-based referral occurred
at the first clinic visit where risk exceeded the threshold corresponding to 95% model specificity
and no absolute contraindications to LTx (mycobacterium abscessus and burkholderia
cenocepacia) were present. Figure 6 provides an example of ML and FEV; referral under each

model for one patient.

To reflect guidelines, FEVi-based referral occurred at the first clinic visit where stable FEV; was
below 30% and no absolute contraindications were present. FEV| was considered stable when no

pulmonary exacerbation was documented at the same visit.

In instances where patients actually received LTx, observed pre-transplant visit history and ML
risk predictions were censored at the patient’s observed time of transplant, L;. Under an alternative
policy, a patient’s time of referral may not have occurred by time L;, when pre-transplant history
was censored. In this case, we synthetically extended the risk trajectory beyond L;.®! We assumed
that clinic visits for individual i, which represented opportunities for referral, would continue at
the same average frequency observed in the 12 months prior to L; and generated synthetic visits
by sampling from a patient-specific normal distribution of visit intervals (days between visits). We
separately accounted for pre-transplant deaths (i.e. that an individual may not survive until the
synthetic visit times) and truncated synthetic visits at the time of pre-transplant death (described
in section 2.5.4 below). Because ML risk predictions relied on a large number of time-varying
covariates that were not observable after time L;, we could not calculate risk directly at these
synthetic visits. We instead estimated risk predictions at synthetic visits using a linear mixed

effects model. Additional detail and an example are given in Appendix F.
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ML FEV1
06 0.6
Patient referred at 66
S days under ML
504 0.4
S Pre-referral
E \ threshold Post-referral
theshold /0 TN L.
0.2 0.2
Patient referred at 354
days under FEV1
0.0 0.0

0 3 6 9 12 15 0 3 6 9 12 15
Time from Baseline (months)

Figure 6: Patient trajectory and referral example. Risk of 2-year mortality from the ML model and
FEV1 % predicted for an example patient at each clinic visit. For the ML model, a patient is referred at the
first visit where risk exceeds the threshold, denoted by a change in line color. For FEV1, referral occurs at

the first visit where FEV1 is lower than 30%, denoted by a change in line color.

3.2.6.1.2 Usual Care

Exact referral dates observed in clinical practice are not recorded. However, categorical transplant
status (“not pertinent”, “accepted, on the waitlist”, “evaluated, final decision pending”, “evaluated,
rejected”, and “had transplantation”) is recorded annually in the CFF PR. We used the first year
with a status other than “not pertinent” as the UC referral year for each patient. To obtain a more
granular date, we defined a subset of visits where referral could have occurred for each patient:
clinic visits in the referral calendar year and, if listing occurred in the same calendar year, before
the listing date. We randomly selected one of these visits as the patient’s UC referral visit within

each simulation run. We validated the resulting simulated UC listing time against the observed

listing times.

3.2.6.2 Listing (Evaluation =2 Waitlist)

After a patient is referred for transplant, a rigorous evaluation occurs at the lung transplant center
to assess whether the patient is a suitable candidate for transplantation. This includes evaluation
of the patient’s health, as well as their medical adherence, emotional well-being, social support,
and finances.’* In some cases, a barrier is identified that must be addressed before listing can occur.
For example, patients must live within a certain distance of the transplant center and may need to

move before they can be listed. Addressing barriers can result in long times from referral to listing
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for a subset of patients. Unfortunately, evaluation times are not captured in our data. We attempted
to simulate a realistic time from referral to listing that approximates available estimates*® %> by
sampling evaluation times from a marginal truncated normal distribution with mean of 4.5 months,
standard deviation of 4 months, and minimum of 3 weeks. Patients’ evaluation time was held

constant between policies for each simulation run, but varied between simulation runs.

3.2.6.3 Organ Allocation (Waitlist 2 Transplanted)

We simulated population-level organ allocation to reflect current US policy, whereby new organs
are allocated to the highest priority, compatible patient on the waitlist. The allocation process is a
deterministic function of three components: the waitlist of patients (defined above), a flow of

organs for transplantation, and a policy for matching organs to patients.®!

3.2.6.3.1 Organ Flow
We relied on historical organ data from UNOS to define a flow of organs available for

transplantation. For each simulation run, we sampled from the average annual number of organs
available, N,, and their characteristics (ABO, height) using organs matched to patients in our
cohort for the years 2012 - 2016. Organ dates of availability were sampled from a uniform
distribution, where all dates were equally likely. Our model created a flow of organs that reflected
characteristics of historically observed organ donations to CF patients, but allowed for variability

in the exact number of organs and dates of availability.

3.2.6.3.2 Organ Matching
As of 2005, lung allocation policy prioritizes patients based on lung allocation score (LAS), a

measure of expected mortality with and without transplant.®?> LAS aims to identify patients with
both an urgent need and a large expected survival benefit of transplant. LAS is calculated daily to
prioritize patients on the waitlist. Observed LAS measures for waitlisted patients were available
in UNOS data for each active day on the waitlist. However, alternative policies sometimes resulted
in earlier waitlisting and/or the waitlisting of patients not listed under UC, such that LAS values
were not available for all patients or at all necessary time points. We therefore imputed LAS at all
timepoints for all patients who would be waitlisted under any policy using a linear mixed effects
model. We relied on LAS components that are measured in the CFF PR, and thus available for all

patients regardless of listing status (age, FVC, BMI, diabetes). Large changes in LAS are
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frequently observed in the days or weeks preceding death or LTx, as patients experience sudden
changes in lung function. To capture such changes in LAS in the absence of measures underlying
the change, we included a fixed and random effect indicator for whether the patient experienced a

death or transplant in the next 30 days. Additional detail is given in Appendix F.

Organ-donor compatibility was determined by blood type (ABO) and body size (height). When
unavailable, we imputed patient ABO using the empirical distribution of ABO in each simulation
run. While donors and recipients should have similar height (a proxy for lung capacity) no fixed
thresholds exist for acceptable donor-recipient height differences.®* We used the 2.5 and 97.5"
percentiles of the historically observed distribution of donor-recipient height difference on each
simulation run as bounds for height compatibility. We used relative rather than absolute
differences in donor-recipient height, as oversize and undersize organs have different acceptability

and outcomes.®*

We assumed no organ decline, no re-listing, and all bilateral transplants. We did not account for

geographical regions of organ allocation.

3.2.6.4 Pre-transplant and post-transplant survival

Patients in the pre-referral, evaluation, and waitlist states were at risk of pre-transplant death. For
patients who were never transplanted, complete pre-LTx survival was observed. In our simulation,
patients observed to die before LTx retained their observed pre-transplant time of death, (7;| L7x
= (), unless LTx occurred first. Similarly, patients who survived for the full five-year period

retained their observed pre-transplant survival, (7;| LTx = () > 5 years, unless LTx occurred first.

Among patients with observed LTx, pre-transplant survival was censored at the observed time of
transplant, L;. In such cases, (7;| LTx = 0) was unknown, but known to be greater than L,, We
relied on a potential outcomes model with time-varying transplant exposure to estimate survival
in the absence of transplant. Under this model, we assumed that each patient has two potential
outcomes at any time: (1) survival with no transplant at time ¢, and survival with transplant at time
t. Only one outcome can be realized for each patient, but information from other patients with the

same likelihood of treatment at time # can inform the counterfactual outcome. Because transplant



33

is allocated using LAS, we assumed transplant assignment was random among waitlist patients

with the same LAS. That is, two patients with the same LAS had the same propensity for treatment.

Modeling survival conditional on transplant status using observed data: We estimated the impact
of time-dependent transplant on survival using an exponential survival model, with time-varying
covariates for LAS and LTx status. LAS was centered at 40. We adjusted for gender, age at
waitlisting, BMI at waitlisting. The model was estimated on waitlisted patients in each simulation
run, with time measured as time to death since waitlist entry. We provide additional detail in

Appendix F.

Estimating expected pre- and post-transplant residual survival for simulation: For patients with

observed transplant whose pre-transplant survival was censored at Li, we obtained their expected
time of death in the absence of transplant, conditional on survival and history up to L;, (7i(?) | LTx
=0, T; > t Xi(t)). At t = L; we use the inverse sampling method to obtain 7j(?) if the patient was
not transplanted at L;.

Ti(t) = 77 (—log(U;) » exp(—P * X;(t)))
where U ~ Uni(0,1), B is a vector of coefficients from the exponential survival model and X;(t)
is a vector of covariate values for individual i at time t, with the transplant indicator set to 0.

Additional detail is given in Appendix F.

When considering post-transplant survival, a patient’s time of transplant under each policy, L, *
is determined in each simulation run. This time may vary between policies. For example, a patient
could be transplanted at = /00 days under ML and ¢ = /50 days under FEV;. At each of these
potential transplant times, the patient could have a different LAS value, which suggests that their
expected post-transplant survival differs. Using the same example, if the patient’s lung function
declined substantially from 100 to 150 days, their expected post-transplant survival may be lower
when transplant is given at 150 vs. 100 days. As with pre-transplant survival, we similarly
estimated an individual’s expected time of death at each t = L;,* using the inverse sampling

method . For post-transplant survival, we set the transplant indicator at ¢ to 1.
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3.3 RESULTS

3.3.1 Validation

Simulated results for UC were compared to observed data for validation. Among patients listed
for LTx, the simulated UC listing date was a median of 8 days earlier than the observed listing
date (IQR = 102 days earlier, 157 days later). In observed data, 466 patients died without
transplant, compared to 411 (367, 459) in the simulated UC. There were 309 transplants and 65
post-transplant deaths in observed data within the 5-year period, compared to 287 (241, 325)
transplants and 41 (24, 59) post-transplant deaths in our simulated UC.

3.3.2 Clinical Decisions

Most patients remained too healthy for referral in the 5-year period, regardless of policy. Only
12.4% (11.4%, 13.4%) of patients were referred for LTx under UC (Table 5). By comparison, a
uniform application of FEV; resulted in significantly more patients referred, 19.2% (18.0%,
20.4%). Referral rates were somewhat higher for ML, 20.4% (19.1%, 21.6). On average, ML
resulted in earlier referral than UC. While characteristics were not significantly different, average
FEV| percent predicted at the time of referral was somewhat higher for ML, 31.5% predicted (30.9,
32.2) than UC, 30.9% predicted (29.8, 32) (Table 5). Among patients referred under both ML and
UC, ML referral occurred 129 (82, 176) days earlier, on average.

Many patients missed for referral under UC would have been referred by a policy with systematic
decision-making using either FEV or ML. Of patients who died without being referred for LTx
under UC, ML would have referred 40.0% (35.3%, 44.5%) and FEV would have referred 31.2%
(26.9%, 35.6%).
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Table 5: Patient Characteristics at Time of Referral and Transplant, by Policy. Mean (95% CI) at the

time of referral and transplant by policy.

ML FEV, ucC
Characteristics at Time of Referral
Patients Referred (n) 851 (797, 904) 799 (746, 851) 518 (477, 560)
Age 32.9 (32.1, 33.6) 33(32.3, 33.8) 33.4 (32.5,34.4)
FEV, % Predicted 31.5(30.9,32.2) 26 (25.8, 26.3) 30.9 (29.8, 32)

Risk of 2-year mortality 34.8% (34.0%, 35.7%) 27.8% (26.5%, 29.1%) 30.6% (29.1%, 32.2%)
Characteristics at Time of LTx

Patients Transplanted (n) 294 (241, 345) 292 (241, 340) 287 (241, 325)
Age 35.9 (34.3,37.5) 35.6 (33.9,37.2) 34.1 (32.8,35.6)
FEV, % Predicted 29.2 (26, 32.6) 28.4 (25.2,31.7) 29.6 (27.4,32.3)
LAS 51.6 (47.3,57.4) 50.5 (46.4, 56.3) 479 (44.7,51.9)

3.3.3 Patient Outcomes

3.3.3.1 Transplantation

Despite higher referral rates, there was no difference in overall transplantation rates among policies
due to real-world constraints in organ supply (Table 5). State membership over time (Figure 7)
shows that given a fixed supply of organs available for transplant, relatively higher referral rates
under both ML and FEV; led to increased patients on the waitlist, but no change in patients
transplanted. At a population level, 0.39 (95% CI: 0.30, 0.44) years (of 5), on average, were spent
on the waitlist under ML, compared to 0.41 (95% CI: 0.36, 0.45) under FEV; and 0.23 (95% CI:
0.20, 0.27) under UC.

Patient characteristics at the time of LTx were similar among policies (Table 5). While confidence
intervals overlapped, patients transplanted under ML were slightly older and had slightly higher
LAS at the time of transplant, compared to UC. As a measure, higher LAS is intended to indicate
a higher expected short-term benefit of LTx.

While characteristics at the time of transplant were similar overall, the specific patients who
received transplant and experienced pre-transplant death differed among policies (Figure 8). Under
UC, 309 (277, 341) pre-transplant deaths occurred among patients who were never referred for

LTx. Approximately 20.1% of these pre-transplant deaths were averted under ML because patients
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were referred and transplanted. However, this was offset by fewer transplants and more pre-

transplant deaths among those who received transplant under UC (Figure 8).

Patients

Patients

State Membership over time

Evaluation Waitlist
Population Avg. Years in State Population Avg. Years in State
750 ML: 0.11 (0.1 750 ML: 0.39 (0.35, 0.44)
FEV1: 0.1 (0.09, 0.11 FEV1: 0.41 (0.36, 0.45)
uC: 0.07 <5 07,0.08) uc 023(0\2 02;)
500 500
250 ﬁ 250 ﬂ—/
0 ~ 0 Policy
0 1 2 3 4 5 0 1 2 3 4 5, — ML
Transplanted Dead — FEV1
Population Avg. Years in State Population Avg. Years in State = e
ML: 0.15 (0.12, 0. 18) ML: 0.25 (0.23, 0.28)
750 FEV1:0.15 (0.12, 0.1 750 FEV1: 0.26 (0.23, 0.29)
Uc: 0 15 (0.12, 0. 18) UC: 0.27 (0.24, 0.3)
500 500
250 // 250
0 0
0 il 2 3 4 5 0 1 2 3 4 5
Model Time (years)
Figure 7: State membership over time, by policy: The average number of patients in each state except
pre-referral for the S-year time horizon. Population average years spent in each state (95% CI) is shown.
Patients Referred Patients Transplanted | | Pre-LTx Deaths | | Post-LTx Deaths |
800 1
UC Referral Status
600 - . Patients not referred under UC
. Patients referred under UC
400 1
: . l I
0 I —

UC FEV1 ML UC FEV1 ML UC FEV1 ML UC FEV1 ML

Figure 8: Patient Referral and Outcome, by UC Referral Status. Average number of referrals,

transplantations, and pre-LTx deaths given by referral status under UC.
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3.3.3.2 Survival

At a population level, these changes resulted in no significant differences in overall 5-year
survival, pre-transplant deaths, or post-transplant deaths (Table 6). Overall 5-year survival was

approximately 4.7 years under all polices.

Table 6: Expected Outcomes, by Policy

Policy Model AU(;‘ at Pre-transplant  Post-Transplant Overall 5-Year
Baseline Deaths Deaths Survival

ML 0.914 (0.898, 0.929) 383 (332, 436) 47 (29, 69) 4.75 (4.72,4.77)

FEV, 0.876 (0.858, 0.895) 389 (339, 442) 46 (29, 69) 4.74 (4.71,4.77)

ucC - 411 (367, 459) 41 (24, 59) 4.73 (4.70, 4.76)

3.4 DISCUSSION

We demonstrated an application of microsimulation modeling to estimate the real-world impact of
using a novel, ML-based RPM for decision-making in clinical practice. We found that
improvements in discrimination for the ML model did not yield differences in expected
downstream patient outcomes when used for clinical decision-making. While the ML model did
lead to changes in the number of patients referred and the timing of referral, real-world constraints

on treatment availability limited the extent to which referral decisions could influence treatment.

We found a significant difference between the clinical decisions expected under FEV; alone, the
reference model, and those observed in clinical practice. While 799 patients (19.2%) would have
been referred within the 5-year period under FEV1, only 519 (12.4%) were actually referred in UC.

28,39

Despite documented differences between clinical decision-making and FEV; comparisons to

FEV are standard for new models in CF.!3-2

Our work suggests that additional comparisons to UC are needed to assess model performance.
While any new RPM must predict better than an existing RPM to add value, improvements relative
to a reference model may be poor proxy for real-world clinical utility when clinical decision-

making is heterogenous. In such cases, RWD can be used to develop a real-world UC comparator.
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Currently, the primary approach for assessing a model’s real-world clinical utility is an impact
evaluation study - a cluster-randomized trial, where patient outcomes are compared for groups of
clinicians with access to a novel model versus those following usual care.% 6% 886 Quch studies
are expensive and typically undertaken as a final step before implementation.® In contrast, our
approach uses real-world data to assess the potential clinical impact in the relatively early model
evaluation stage. This approach can rule out further investment in models that have limited
usefulness in real-world settings, including our own. While simulation-based evaluation does not

69,70

capture the complex ways that clinicians interact with models to make decisions, it can be used

as a first step for demonstrating clinical utility before conducting randomized controlled trials.

The use of health outcomes modelling to evaluate new RPMs remains minimal.? Statistical
approaches for assessing clinical utility based on measures of discrimination accuracy have gained
relatively more popularity,’* **#” but do not generally capture the clinical context in which models

would be used.

Our simulation involves several important assumptions. We considered only absolute
contraindications to LTx, which may have resulted in over-referral of patients under FEV| and ML
policies. Many contraindications are relative and vary by center, with larger and more experienced
centers willing to accept more complex cases.’® 7* 3 Given limited data on the evaluation process,
we assumed a marginal distribution of evaluation time with no rejection for listing. This may not
accurately reflect the patient-specific factors that lead to longer evaluation times or rejection for
listing, including proxies of lower socioeconomic status. However, median simulated listing time
was within 10 days of observed listing times, suggesting this assumption was acceptable on
average. We conservatively assumed a fixed average organ supply available to CF patients. In
reality, the share of all organs allocated to CF patients could increase, as CF patients tend to have
better outcomes than patients with other native lung diseases.”® Finally, we are unable to
distinguish between clinician decision-making and patient preferences using RWD. Lower rates
of referral under the UC may represent patient preferences for non-referral, rather than clinician

decisions not to refer patients. These complexities can be measured through impact evaluation.
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3.5 CONCLUSION

We used a health outcomes modeling framework with RWD to assess the potential real-world
clinical utility of a novel, ML-based RPM for LTx referral decisions in CF. We found differences
in clinical decisions under the RPM versus UC, but no change in downstream patient outcomes
due to constraints in organs available for transplantation. While constraints in transplant
availability are unique to the organ allocation setting, complex real-world factors that impact
current clinical decisions and outcomes are common across clinical applications. Health outcomes
modeling with RWD can be used to account for these complex real-world factors. When conducted
as part of RPM model evaluation, this approach can identify novel, ML-based RPMs that are likely
to benefit patients in real-world clinical practice, and rule out further investment in RPMs with

limited benefits.
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Chapter 4. CONCLUSIONS

Machine learning methods with real-world data provide the promise to tackle historically
challenging prediction problems and enable accurate, personalized clinical decision-making. By
combining flexible ML methods with big, observational data sources, researchers across clinical
applications have developed more accurate models for predicting outcomes.>® Yet, despite
thousands of publications on ML/AI model development, there are fewer than 100 publications on
the use of ML/AI in real-world clinical practice.!? Better evidence on the clinical utility offered by

novel, ML-based RPMs may support greater translation to clinical practice.

This dissertation was an exploration of the development and evaluation of a novel, ML-based RPM
in CF. The need for better short-term mortality predictions in CF has been widely noted.** A
patient registry with a large number of longitudinal measures for the majority of the CF population
provided an ideal, real-world data source for ML-based RPM development. We used novel,
longitudinal feature engineering methods to remove noise from key predictors and considered a
range of ML approaches, which varied in flexibility and interpretability. We leveraged a stacking
ensemble approach, Super Learner, to optimally combine all models. While the Super learner ML
model lacks interpretability, it predicted 2-year mortality outcomes in adults with CF better than
FEV; alone. It also spread risk predictions over a wider and more accurate range. Finally, when
predictions were updated dynamically at each clinic visit, reflecting likely clinic use, the ML

model maintained high predictive performance over time.

However, when applied to real-world data to simulate clinical decision-making and patient
outcomes over time, we found that ML-based referral led to different clinical decisions but no
change in downstream outcomes, when compared to true usual care. While more patients were
referred for LTx using ML, a fixed supply of organs available for transplant meant no change in
the number of patients transplanted. Furthermore, the specific individuals who received transplant
under the ML-based policy didn’t appear to be better transplant candidates. We found no difference

in post-transplant deaths between those transplanted under ML-based referral versus UC.
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Importantly, the decisions that occurred in usual care differed substantially from FEVi, a
commonly used, guideline-based reference model for new RPMs.'®?° Our work suggests that
performance relative to FEV; may be a poor proxy for performance relative to usual care.
Considering the implications more broadly, the practice of comparing a new RPM to an existing
biomarker, multivariate model, or guidelines is commonplace. Of course, a new RPM must predict
better than an existing biomarker, multivariate model, or guidelines to add any value. However,
our work suggests that these improvements are not enough. In practice, clinicians often consider a
range of factors when making clinical decisions, which can result in decisions that deviate
substantially from those suggested by the reference model.?® 56 %-7° Comparisons to usual care are

needed to assess performance of new RPMs relative to real-world clinical practice.

It remains challenging to address the interaction between clinicians, patients, and predictions using
health outcomes modelling.®* 7 Ideally, medical decisions are the result of shared decision-
making, where clinicians and patients together use the information available to arrive at the optimal
decision.”® Unfortunately, while RWD allowed us to observe the clinical action or inaction
(referral, treatment, etc) that occurred, we were unable to determine whether it represented
clinician, patient, or shared decision-making. Additional research is needed on the complex

interactions between clinicians, patients, and predictions.”!

Evaluations of clinical utility are needed to identify and support the development of high-value
ML models. Clinicians may be more willing or interested in ML adoption when stronger evidence
is presented on its benefit in clinical practice.”> Benefits measured in terms of decisions and patient
outcomes are likely more intuitively interpretable than measures like AUC. These evaluations can
help to realize the potential value of ML, where clinically useful models are actually applied in

clinical practice to enable better decisions and outcomes for patients.
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APPENDIX A: BLUP SUMMARY

METHODS

We used partly conditional models to (1) smooth biomarker trajectories over time, and (2) impute
missing biomarker values. The biomarkers modeled were height, weight, ppFEV1, ppFVC, and
FEVI1FVC ratio. For each biomarker, we first fit a linear mixed effects model with fixed effects
for age (centered at 18), age? and a random intercept and age slope using data from 2011-2016
on the training set.

yi,- = fo + ﬁlagej + ﬁzagej2 + Bymale + uy; + ujjage; + €

where J;; refers to the biomarker value e(height, weight,ppFEV,ppFVC,FEV1FVC) for

individual i at visit j. We then obtained fitted best linear unbiased predictions (BLUPs) for each
individual i at each visit j by using biomarker values collected up to and including visit j. If the
biomarker value was missing at the current visit, we used only the values collected prior to the
current visit. In addition, we included a measure of 6 month change in our models by first
calculating the BLUP for each biomarker at a synthetic visit exactly 6 months prior to the current
visit, then calculating the change between the synthetic 6 month prior BLUP and the current visit.
We also conducted a sensitivity analysis where we re-fit all ML models on a training set that
included the BLUP residuals (Jij — y;;) for pulmonary function tests. If the biomarker value at
the current visit was missing we used the most recent non-missing residual. Individuals with no
non-missing residuals since 2011 were excluded from the sensitivity analysis. If the residuals
represented important variables in the sensitivity analyses and/or the performance was
significantly different, biomarker values may have been oversmoothed, representing a loss of
valuable information.

RESULTS

Raw and smoothed (BLUP) biomarker values for 8 randomly selected individuals are presented in
Figures A.1-A.5, with panel a containing raw values, including gaps where no biomarker value
was recorded, and panel b containing smoothed BLUP values. As shown, BLUPs result in a
substantial smoothing of the raw values.

Model baseline AUC for ML models that included BLUP residuals was similar to performance of
the primary model (Table A.1). Calibration (Figure A.6) was also relatively unchanged. Residuals
were not among the 20 most important variables for random forest (Figure A.7a), but were among
the most important variables in XGBoost (Figure A.7b).
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Table A.1: Baseline AUC of Model with BLUP Residuals
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APPENDIX B: DETAILS ON MODEL FITTING AND TUNING
PARAMETER CHOICES

We considered the following models: lasso, elastic net, ridge, random forest, extreme
gradient boosting machine (XGBoost), support vector machine (SVM), and super learner. Super
learner is a stacking ensemble, which uses the predictions from all base learners (i.e. all other
models) to create an optimally weighted combination of predictions.’>* For random forest,
GBM, and SVM models, we included more than one variant, with different tuning parameter
values. Random forest was fit using the ranger package, with multiple values of m, the number of
variables considered at each split (0.5,/p, \/p, 2,/p).” XGBoost used 3 values for depth (depth
€ (1,2,3)), 2 values for the number of trees (5000, 8000) and a learning rate, n, of 0.001.** SVM
was fit using Kernlab, with a radial basis kernel and cost values of 0.1, 1, and 10.%> For random
forest, GBM, and SVM, we report results for a single variant, based on performance. Ridge,
elastic net and lasso were fit using glmnet®® with minimum A values from 10-fold cross-
validation. For elastic net, the mixing parameter, o, was set to 0.5, indicating an equal mix of
lasso and ridge penalties. The super learner was selected through 10-fold cross-validation,
optimizing AUC, using the SuperLearner package.”
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APPENDIX C: BASELINE CHARACTERISTICS

DISAGGREGATED BY OUTCOME

Table C.1: Baseline Characteristics disaggregated by outcome. Continuous variables reported as

mean(sd). Categorical variables reported as n(%). Height, ppFEV1, ppFVC refer to smoothed BLUP

values. BMI is calculated from smoothed height and weight BLUP values.

Age

Female

Race
White
Black
Hispanic

Other or Unknown

BMI
Height
Mutation Class
1,2,0r3
4or5
Other
Unknown
F508del Mutation
Homozygous
Heterozygous
None
Unknown
ppFEV1
ppFVC
Oxygen
Yes
No
Unknown
P. aeruginosa
S. aureus
MRSA
MSSA
Burkholderia complex
B. cenocepacia
Ivacaftor
Education
High School
College
Unknown
Insurance
Private
Medicaid
Other
Medicare
Missing

Alive, pre-LTx in

2 Years
(n=9,768)
30.0 (10.6)
4588 (47.0%)

9332 (95.5%)
314 (3.2%)
19 (0.2%)
103 (1.1%)
22.7 (3.93)
168 (9.43)

6960 (71.3%)
1084 (11.1%)
155 (1.6%)
1569 (16.1%)

4460 (45.7%)

3933 (40.3%)

1235 (12.6%)
140 (1.4%)
65.2 (21.9)
79.4 (18.4)

1248 (12.8%)
8374 (85.7%)
146 (1.5%)
5939 (60.8%)
5052 (51.7%)
2309 (23.6%)
3807 (39.0%)
339 (3.5%)
49 (0.5%)
114 (1.2%)

2749 (28.1%)
6040 (61.8%)
979 (10.0%)

6152 (63.0%)
2356 (24.1%)
557 (5.7%)
496 (5.1%)
207 (2.1%)

Death in 2
Years
(n=481)
32.0(11.9)
262 (54.5%)

447 (92.9%)
25 (5.2%)
3 (0.6%)
6 (1.2%)
20.6 (4.02)
164 (9.51)

339 (70.5%)
28 (5.8%)
34 (7.1%)
80 (16.6%)

226 (47.0%)
165 (34.3%)
57 (11.9%)
33 (6.9%)
38.8 (16.9)
55.3(17.5)

305 (63.4%)
174 (36.2%)
2 (0.4%)
356 (74.0%)
223 (46.4%)
151 (31.4%)
130 (27.0%)
37 (7.7%)
4 (0.8%)
4 (0.8%)

198 (41.2%)
219 (45.5%)
64 (13.3%)

173 (36.0%)
238 (49.5%)
22 (4.6%)
42 (8.7%)
6 (1.2%)

LTx in 2 Years

(n=366)

31.6 (9.70)
181 (49.5%)

362 (98.9%)
2 (0.5%)
0 (0%)

2 (0.5%)
20.2 (4.43)
167 (10.2)

283 (77.3%)
18 (4.9%)
20 (5.5%)
45 (12.3%)

190 (51.9%)
132 (36.1%)
24 (6.6%)
20 (5.5%)
29.7 (11.2)
49.3 (12.8)

259 (70.8%)
101 (27.6%)
6 (1.6%)
282 (77.0%)
151 (41.3%)
129 (35.2%)
82 (22.4%)
13 (3.6%)
1 (0.3%)
2 (0.5%)

89 (24.3%)
232 (63.4%)
45 (12.3%)

193 (52.7%)
124 (33.9%)
17 (4.6%)
32 (8.7%)
0 (0%)

Overall
(n=10,615)

30.1 (10.6)
5031 (47.4%)

10141 (95.5%)
341 (3.2%)
22 (0.2%)
111 (1.0%)
22.5 (4.00)
168 (9.49)

7582 (71.4%)
1130 (10.6%)
209 (2.0%)
1694 (16.0%)

4876 (45.9%)

4230 (39.8%)

1316 (12.4%)
193 (1.8%)
62.8 (23.0)
77.3 (19.6)

1812 (17.1%)
8649 (81.5%)
154 (1.5%)
6577 (62.0%)
5426 (51.1%)
2589 (24.4%)
4019 (37.9%)
389 (3.7%)
54 (0.5%)
120 (1.1%)

3036 (28.6%)
6491 (61.1%)
1088 (10.2%)

6518 (61.4%)
2718 (25.6%)
596 (5.6%)
570 (5.4%)
213 (2.0%)
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APPENDIX E: SES

METHODS

Several variables related to SES are available in the CFF PR, including race, insurance type,
education, and patient assistance program. Consistent with previous models, these variables were
not included in our primary analysis. In a secondary analysis, we re-fit all ML models on a dataset
that included SES-related variables. We evaluated the discrimination accuracy and calibration of
these secondary models, and compared to the results from our primary analysis. In addition, we
compared AUC of the primary models and secondary models by levels of educational attainment.
Due to the small number of events and patients of races other than white, we did not evaluate

performance by race.

RESULTS

The AUC of ML models that included SES-related variables was not different from the AUC of
the primary model at baseline or over time (Table D.2). Calibration was also similar to the primary
model (Figure D.1). Variable importance measures for random forest and GBM show that SES-
related variables did not rank highly. No SES-related variables appeared in the top 20 most
important variables for either model (Figures D.2a and D.2b).

AUC results by educational attainment for the primary model and sensitivity analysis are shown
in Table D.3. All ML models had the highest performance among those with at least some college
education, 61% of patients, and lower performance among those with high school only or unknown
educational attainment. ppFEV1 also had the lowest performance for those with high school
education, but had similar performance among those with unknown and college education. The
differential in AUC between subgroups with college and high school levels of education was
similar for all models, including ppFEV1. However, ML models improved performance among all
subgroups of educational attainment. The super learner AUC for the worst performing subgroup
(high school education) was slightly higher than the ppFEV1 AUC for the best performing
subgroup of ppFEV1, suggesting that performance gains are experienced across SES subgroups,

but the disparity in performance between SES groups is not reduced with the use of ML models.
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The secondary model that included SES-related variables in ML models showed minimal

difference in performance by education level compared to the primary model.
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Table D.1: Baseline Characteristics by Educational Attainment. Continuous variables reported as

mean(sd). Categorical variables reported as n(%). Height, ppFEV1, ppFVC refer to smoothed BLUP

values. BMI is calculated from smoothed height and weight BLUP values.

Age

Female

Race
White
Black

Other or Unknown

Hispanic
BMI
Height
Mutation class
1,2,0r 3
4orS
Other
Unknown
F508
Homozygous
Heterozygous
None
Unknown
ppFEV1
Mean (SD)
Imputed (n(%))
ppFVC
Mean (SD)
Imputed (n(%))
Oxygen
Yes
No
Unknown
P. aeruginosa
S. aureus
MRSA
MSSA
Burkholderia complex
B.cenocepacia
Ivacaftor
Insurance
Private
Medicaid
Other
Medicare
Missing
Outcome
Alive in 2 years
Death in 2 years
LTx in 2 years

High School
(n=3036)
27.4(9.91)
1308 (43.1%)

2822 (93.0%)
169 (5.6%)
32 (1.1%)
13 (0.4%)
22.0 (4.16)
167 (9.50)

2202 (72.5%)
247 (8.1%)
76 (2.5%)
511 (16.8%)

1441 (47.5%)

1141 (37.6%)

385 (12.7%)
69 (2.3%)

60.0 (23.1)
401 (13.2%)

75.1 (20.2)
404 (13.3%)

666 (21.9%)
2340 (77.1%)
30 (1.0%)
1788 (58.9%)
1712 (56.4%)
880 (29.0%)
1194 (39.3%)
120 (4.0%)
17 (0.6%)
19 (0.6%)

1093 (36.0%)
1438 (47.4%)
230 (7.6%)
199 (6.6%)
76 (2.5%)

2749 (90.5%)
198 (6.5%)
89 (2.9%)

College
(n=6491)
30.7 (10.4)
3218 (49.6%)

6286 (96.8%)
136 (2.1%)
63 (1.0%)

6 (0.1%)
22.7 (3.77)
168 (9.40)

4668 (71.9%)
747 (11.5%)
87 (1.3%)
989 (15.2%)

2991 (46.1%)

2649 (40.8%)

769 (11.8%)
82 (1.3%)

64.8 (22.7)
651 (10.0%)

79.0 (19.2)
656 (10.1%)

971 (15.0%)
5483 (84.5%)
37 (0.6%)
4120 (63.5%)
3190 (49.1%)
1475 (22.7%)
2436 (37.5%)
246 (3.8%)
34 (0.5%)
88 (1.4%)

4815 (74.2%)
1049 (16.2%)
304 (4.7%)
260 (4.0%)
63 (1.0%)

6040 (93.1%)
219 (3.4%)
232 (3.6%)

Unknown
(n=1088)
345 (11.7)
505 (46.4%)

1033 (94.9%)
36 (3.3%)
16 (1.5%)
3 (0.3%)

23.0 (4.69)
167 (9.77)

712 (65.4%)
136 (12.5%)
46 (4.2%)
194 (17.8%)

444 (40.8%)

440 (40.4%)

162 (14.9%)
42 (3.9%)

58.3 (22.7)
140 (12.9%)

72.9 (19.6)
141 (13.0%)

175 (16.1%)
826 (75.9%)
87 (8.0%)
669 (61.5%)
524 (48.2%)
234 (21.5%)
389 (35.8%)
23 (2.1%)
3 (0.3%)
13 (1.2%)

610 (56.1%)
231 (21.2%)
62 (5.7%)
111 (10.2%)
74 (6.8%)

979 (90.0%)
64 (5.9%)
45 (4.1%)

Overall
(n=10615)
30.1 (10.6)

5031 (47.4%)

10141 (95.5%)
341 (3.2%)
111 (1.0%)
22 (0.2%)
22.5 (4.00)
168 (9.49)

7582 (71.4%)
1130 (10.6%)
209 (2.0%)
1694 (16.0%)

4876 (45.9%)

4230 (39.8%)

1316 (12.4%)
193 (1.8%)

62.8 (23.0)
1192 (11.2%)

77.3 (19.6)
1201 (11.3%)

1812 (17.1%)
8649 (81.5%)
154 (1.5%)
6577 (62.0%)
5426 (51.1%)
2589 (24.4%)
4019 (37.9%)
389 (3.7%)
54 (0.5%)
120 (1.1%)

6518 (61.4%)
2718 (25.6%)
596 (5.6%)
570 (5.4%)
213 (2.0%)

9768 (92.0%)
481 (4.5%)
366 (3.4%)
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learner Baseline 6 Months 12 Months 18 Months 24 Months 30 Months 36 Months
Super 0.91(0.9, 0.92(0.9, 0.93(0.91, 0.92(0.91, 092(0.9, 092(0.9, 0.9 (0.88,
Learner  0.93) 0.93) 0.94) 0.93) 0.93) 0.93) 0.93)
La 0.91(0.9, 0.92(0.9, 0.93(0.91, 0.92(0.91, 092(0.9, 092(0.9, 0.9(0.88,
580 0.93) 0.93) 0.94) 0.93) 0.93) 0.93) 0.93)
Elastic Neg 091 (09, 0.92(0.9,  0.93(0.91, 0.92(0.91, 0.92(0.9, 0.92(0.9, 0.9 (0.87,
SHEREL 0.93) 0.93) 0.94) 0.93) 0.93) 0.93) 0.93)
Random  0.91(0.9, 0.91(0.9, 0.92(0.91, 0.92(0.9, 092(0.9, 092(0.9, 0.9(0.87,
Forest 0.93) 0.93) 0.94) 0.93) 0.93) 0.93) 0.93)
GBM 0.91(0.89, 0.92(0.9, 0.92(0.91, 0.92(0.9, 092(0.9, 091(0.9, 0.9(0.87,
0.93) 0.93) 0.93) 0.93) 0.93) 0.93) 0.93)
Rid 0.91(0.89, 0.92(0.9, 0.93(0.91, 0.92(0.9, 092(0.9, 091(0.9, 0.9(0.87,
£° 0.92) 0.93) 0.94) 0.93) 0.93) 0.93) 0.93)
SUM 0.89 (0.87, 0.89(0.87, 0.9(0.88, 0.9(0.88, 0.89(0.88, 0.89(0.87, 0.88(0.85,
0.91) 0.91) 0.92) 0.92) 0.91) 0.91) 0.91)
ppyy  0-88(0.86, 0.88(0.87, 0.89(0.87, 0.89(0.87, 0.89(0.87, 0.89(0.87, 0.89(0.86,
PP 0.9) 0.9) 0.91) 0.91) 0.9) 0.91) 0.92)
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Figure D.1: Calibration Plots for Model with SES-related variables. For each model, the top panel

compares observed versus predicted probability of 2-year death of LTx at baseline. The diagonal reference

line indicates perfect calibration, where the observed probability of events (y-axis) equals the predicted

probability of events (x-axis). Each decile of model-specific risk is represented as a point. Points that lie

above the dashed line represent underprediction (observed probabilities are higher than predicted) and

points below the dashed line represent overprediction (observed probabilities are lower than predicted).

The bottom panel contains the distribution of predictions for each model. In all models, most patients had

a low (<20%) predicted probability of death or LTx
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Figure D.2a: Random Forest Variable Importance with SES
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Table D.3: Baseline AUC by Educational Attainment
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Primary Model without SES Variables

learner College High School Unknown
Super Learner 0.93 (0.91,0.95) | 0.89(0.86,0.92) [ 0.9(0.84,0.96)
Lasso 0.93 (0.91,0.95) | 0.89(0.86,0.92) [ 0.9(0.84,0.95)
Elastic Net 0.93 (0.91,0.95) | 0.89(0.86,0.91) [ 0.9(0.84,0.95)
Random Forest 0.92 (0.9, 0.94) 0.88 (0.86, 0.91) | 0.89 (0.83, 0.95)
GBM 0.93 (0.91,0.94) | 0.88(0.86,0.91) [ 0.9(0.84, 0.96)
Ridge 0.92 (0.9, 0.94) 0.89 (0.86,0.91) | 0.9 (0.84, 0.96)
SVM 0.9 (0.87,0.92) 0.86 (0.83, 0.9) 0.87 (0.81, 0.94)
ppFEV1 0.89 (0.86,0.91) | 0.84 (0.81,0.88) [ 0.89 (0.84, 0.95)
Secondary Model with SES Variables

learner College High School Unknown
Super Learner 0.93 (0.91,0.95) | 0.89(0.86,0.92) [ 0.89 (0.83, 0.95)
Lasso 0.93 (0.91,0.95) | 0.89(0.86,0.91) [ 0.9(0.84,0.95)
Elastic Net 0.93 (0.91,0.95) | 0.89(0.86,0.91) [ 0.9(0.84,0.95)
Random Forest 0.93 (0.91,0.95) | 0.88(0.86,0.91) [ 0.89(0.82,0.95)
GBM 0.93 (0.91,0.94) | 0.88(0.85,0.91) [ 0.9(0.84,0.96)
Ridge 0.92 (0.9, 0.94) 0.88 (0.86,0.91) | 0.9 (0.84, 0.96)
SVM 0.9 (0.88, 0.93) 0.87 (0.84, 0.9) 0.87 (0.8, 0.94)
ppFEV1 0.89 (0.86,0.91) | 0.84 (0.81,0.88) [ 0.89 (0.84, 0.95)




APPENDIX F: MICROSIMULATION MODEL DETAIL

1.0 REFERRAL

1.1 Model-based
For each individual i, at each clinic visit j, predicted risk of 2-year mortality for the ML model,

y, i is compared to a decision threshold corresponding to 95% model specificity at baseline, k,

(0.229) which was identified in previous work. Referral for lung transplant evaluation for

individual i under the ML model occurs at R;ML, the first visit where y, i > k.

We use a similar procedure for the reference model, FEV;. FEV;;; is obtained for each individual
i at each clinic visit j. If FEV; was not measured at visit j, we used the FEV; BLUP, which is
described in detail in our previous work. In short, we impute FEV;;; using a linear mixed effects
model that incorporates all FEV; values up to visit j. For lung transplant referral decisions, we
apply a decision threshold of stable FEV; <30% predicted. We consider any FEV; value that did
not occur during an exacerbation to be stable. For FEV;, higher values indicate higher lung
function and lower risk of death so referral, R;pgy, occurs when FEV, is below the decision

threshold.

We refer to the simulated time of referral as R;,, where p € (ML, FEV). If individual i received a

transplant, y, im and FEV;;; are censored at the time of observed transplant, L;. In some cases, Rzkp

may not occur before L; and is therefore censored. In such cases, we need to synthetically extend

y, im and FEVy;; beyond L;, assuming the patient was not transplanted, to determine Rj,. This

requires both (1) an observation process - future visits for patient i, which represent opportunities

for referral, and (2) marker trajectory (¥, im and FEV,;; fort > L;).

According to guidelines, CF patients should have visits at a CF center at least quarterly.
Unsurprisingly, observed data suggests that visits occur much more frequently as individuals
become sicker, including in the time prior to transplant. In our microsimulation framework, this

means that opportunities for referral should occur more frequently than once per quarter for
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individuals who were sick enough to receive transplant. We therefore use individual-specific visit
times for the synthetic observation process beyond L;. We assume that individual i would continue
to have visits at the same frequency observed in the 12 months prior to L;. We calculate the visit
intervals, d; j—»...d; ;=; as number of days between each successive visit. We then create synthetic
future visits by iteratively sampling from a normal distribution of d;, NV (y;, 6#), and adding the
sampled, synthetic visit interval until model end or pre-transplant death. Note that time of pre-LTx
death is incorporated through a separate process, such that the visit history for individual i will be

truncated at their expected time of pre-transplant death.

We impute Y, im and FEV,;; at each synthetic future visit using linear mixed effects models,
Yim = By + Bage + Bytime + by + bytime, and
FEVy;j = By + prage + Bytime + by + by time
where age refers to age at baseline, time refers to time since baseline and by and b, refer to

individual random intercept and slope, respectively.

We provide an example of a risk trajectory with imputed values in Figure F.1.

Super learner FEV1

08 06

0.4 04
c
.0
g
2 N S
E tweshod s

02
0.0 0.0
0 1 2 3 0 1 2 3

Time from Baseline (years)

Refer —+ Pre-Referral Post-Referral * Observed Vist * Synthetic Visit

Figure F.1: Risk and FEV1 Trajectories for an Example Patient. Risk of 2-year mortality for the ML

model, and FEV1 % predicted for an example patient at each clinic visit. Circles denote observed clinic
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visits; triangles denote synthetic clinic visits, which are simulated for times beyond the patient’s observed
time of transplant, Li, using the patient’s observed visit frequency in the 12 months preceding Li. Referral
decisions occur at the decision threshold corresponding to 95% model specificity for ML and 30% predicted
for FEV1, indicated by the dashed line. For ML models a patient is referred at the first visit where risk
exceeds the threshold, denoted by a change in line color. For FEV 1, referral occurs at the first visit where

FEV1 is lower than the 30% predicted, denoted by a change in line color.

2.0 EVALUATION

Limited data are available on time between referral and listing. A recent study on a small sample
(N = 51 CF patients) at the University of Washington found an average evaluation time of 170.0
day (IQR: 86.0-252.0).”7 We simulated evaluation time to reflect this estimate using a truncated
normal distribution with mean 4.5 months, standard deviation of 4 months, and minimum of 3
weeks (Figure F.2). Patients’ evaluation time is held constant between policies for each simulation
run, but varies between simulation runs. That is, a patient with a simulated evaluation time of 6
weeks on a given simulation run will have an evaluation time of 6 weeks for SoC and all model-
based policies. However, the patient will have a different evaluation time under each simulation

run.

Truncated Normal Distribution for Evaluation Times
Mean172 21

0 200 400 600
Evaluation Times (days)

Figure F.2: Simulated distribution of evaluation times.

We validated the resulting listing times in our UC model against observed listing times. On
average, patients are listed somewhat earlier in our model (median difference: 9 days). Differences

may be attributable to the fact that we do not account for rejection. In observed data, some patients
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may be rejected on first referral, but re-referred and listed at a later date. This creates an extremely

long time from first referral to listing for a small subset of patients.
3.0 LUNG TRANSPLANT

3.1 Organs

We considered an organ ‘population’ of organs matched to patients in our cohort between 2012
and 2016. We estimated the annual number of organs available each year during this period. For
each simulation run, we sample the number of organs available in each calendar year, N, from a
normal distribution. We sample N, organ characteristics (height, ABO) from the full organ
population and assign each sampled organ a date of availability from a uniform (1,365)
distribution. There was no evidence of seasonality in organ donation in historical data (Figure F.3).
In a secondary analysis, we considered a hypothetical scenario where twice as many organs are

available annually.

Table F.1: Organ Characteristics Continuous variables presented as mean (95% CI). Count variables

presented as n(%).

Characteristic Value
BMI 25.9 (17.5,39.3)
Height 171.5 (154.8,188)
Male 209 (58.1%)
ABO A 141 (39.2%)
ABO AB 7 (1.9%)
ABO B 35 (9.7%)
ABO O 177 (49.2%)

For historical organs, we also calculate donor-recipient height difference as observed donor height
- observed recipient height. We use the 2.5th and 95.5th percentile of the empirical donor-recipient
height distribution as bounds for compatible heights in each simulation run (Figure F.4). This
allows for some variability in acceptable height differences. The empirical distribution reflects the
fact that oversize organs (donor taller than recipient) are more acceptable than undersize organs

(donor smaller than recipient)



67

Total Organs by Month
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Figure F.3: Organ Seasonality
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Figure F.4: Empirical Donor- Recipient Height. Height in cm. Positive difference indicates donor taller
than recipient. Negative difference indicates donor shorter than recipient.
3.2 LAS Trajectories

LAS trajectories are measured daily for individuals on the waitlist and recorded in UNOS data.
We observe LAS;; from t = observed listing time to t = observed death T;, observed LTx L;, or
censoring time C, whichever occurs first. Alternative referral policies may result in listing of

individuals who were never listed and/or earlier or later times of listing, so LAS measures are not
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available for all required individuals and timepoints. We therefore use a linear mixed effects model
to impute LAS at all time points. We include LAS components that are available for all patients in
the CFF PR and do not include variables that are only available for waitlist patients (for example,
functional status and 6 minute walk test). Patients tend to experience sudden changes in LAS in
the days or weeks before LTx or death. Such changes are reflected in measures available in the
UNOS data (functional status, 6 minute walk test, etc.), but are not available for all patients or at
all timepoints. To capture the sudden changes without these variables, we instead use a fixed and

random effect for whether the patient experienced either death or transplant within 30 days.

We use a linear mixed effects model to impute LAS:
LAS;; = Bo + prage;s + [, BMI, + [3FVCy + B4 I(CFRD,) + fsl(outcomein30days;) + b,
+ by I(outcomein30days;)
Where age is centered at 18 years, time-varying BMI is calculated using the height and weight
BLUP values at time t, FVC, is the time-varying FVC BLUP, I(CFRD), is an indicator for CF-
related diabetes at time t, and I (outcomein30days) is an indicator for whether the patient had
an outcome of death or LTx in t + 30 days. b and b, are random intercept and outcome effects.

Empirical and fitted LAS values for a random sample of patients are given in Figure F.5.
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LAS over Time for 8 Example Patients
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Figure F.5: Empirical and Simulated LAS over time for example patients.

4.0 PRE- AND POST- LTX SURVIVAL

We used a time-dependent survival modeling approach to estimate survival without transplant, and
with transplant at time t, which varies between simulation runs as a result of priority position on
the waitlist and organ supply. If pre-ltx death was observed, we use the observed time, (T;|LTx =
0). However, in cases where time of transplant, L; occurred before (T;|LTx = 0), (T;|LTx = 0) is
censored at L; and must be imputed to assess how long the patient would survive in the absence of

transplant, given survival up to L;.

As a motivating example, consider a patient, i, who was observed to receive a lung transplant at
L; =100 (days). Now consider that, under an alternative referral policy, additional high-risk
patients are added to the waitlist at t < 100. Some of these patients may be higher priority (by
LAS) than patient i at t = 100. Therefore, under this alternative policy, an organ available at t =

100 would go to one of the new, higher priority patients instead of patient i. Patient i would remain
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on the waitlist past t = 100, however, it’s unclear how long patient i would survive beyond t =
100 in the absence of transplant. Specifically, whether patient i would survive long enough to
receive an organ in the future. To address this issue, we use a potential outcomes framework to
estimate pre-transplant survival at time t = L;, (T;(t)|LTx(t) = 0). The same framework can be
employed to estimate individual i’s survival if they were alternatively transplanted at another time,

for example, at t = 150, (T;(¢)|LTx(t) = 1).

Modeling survival conditional on transplant status using observed data
We use a potential outcomes model, where each individual on the waitlist has one potential time
of death, T; if they do not receive transplant at t and one potential time of death if they receive

transplant at time ¢, given survival up t and no transplant before t.

T;o(t): Potential time of death without transplant at ¢
T;1(t): Potential time of death with transplant at ¢

=

For each individual, we can observe only one of these outcomes - they either were or were not
transplanted at t. However, we can use information from other individuals to predict their survival
under a counterfactual scenario where their transplant status and/or timing differed. Because
transplant is allocated based on LAS, we assumed transplant was random within strata of LAS.

Two patients with the same LAS should have the same likelihood of receiving any organ.

We utilized the LAS predictions over time LAS;, described above and a time-dependent indicator
of transplant, Ltx;,. Using a counting process, we modeled time-dependent survival using an
exponential model. We also tested a Weibull model and generalized gamma model. The
exponential model was determined to be an appropriate simplification when comparing visual fit,
AIC, and BIC values. Time was measured as time on the waitlist. Because time on the waitlist

could vary by policy, we used the time since first waitlist entry among UC, FEV 1, and ML policies.

h(t) = A * exp(B1LTx; + P,LAS; + fzage + frgender + fsBMI)
where LTx and LAS vary over time and gender and BMI are measured at baseline (waitlist entry).

LAS was centered at 40 and age was centered at 18.
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Estimating expected pre- and post-transplant residual survival for simulation
We used the inverse sampling method to obtain potential times of death at time ¢, given X and
LAS; and changing the transplant indicator at t. For an individual with an observed transplant, we
used t = L;. We wish to obtain a time of death if the individual was not transplanted at t, given
survival without transplant up to t.

T:(t) = A_l(—log(Ui) *exp(—(B,*0+ B,LAS; + Byage + B,gender + f.BMI)))

where t = L;, the transplant indicator is set to 0, and U ~ Uni(0,1).

Similarly, we obtained estimated survival at the simulated time of transplant under each policy,
L;, in each simulation run, where p € (ML, FEV;, UC). Even under UC, the simulated time of
transplant (L;, for p = UC) may differ somewhat from the observed time of transplant (L;) for any
individual, given differences between an individual’s true and simulated UC evaluation time,
random variation the organ flow, and simplifications of the simulated organ allocation process.
We simulate post-transplant survival at each ¢ = L;, using LAS; and setting the transplant indicator
attto1:

T:(t) = A_l(—log(Ui) *exp(—(B,*1+ B,LAS; + Bjage + B,gender + f.BMI)))

*

where t = L;, and the transplant indicator is set to 1. In any given simulation run, we fix U; for

each individual, such that variation in T;(t) is not attributable to differing values of U.
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5.0 SUMMARY OF PLASMODE AND SIMULATED DATA

The data elements that were resampled from observed data (“plasmode”) versus modeled are

summarized in Table F.2.

Table F.2: Summary of plasmode versus modeled elements in microsimulation. C refers to the time of
censoring for all patients (12/31/2016). L; refers the observed time of transplant for individual i. 7; refers to

the time of death for individual ;.

Component

Baseline characteristics (X)
€(age, gender, ABO)

Time-varying marker (Xy)
€ (ML risk score, FEV))

Pre-LTx observation
process (clinic visit times)

Time-varying LAS (LAS)

Pre-Ltx survival (Ti(t)| t,
LTtho, LASt, X)

Post-Ltx survival (T;(t)| t,
LTthl, LASt, X)

Plasmode (resampled)
Elements

Plasmode

Plasmode until L;

Plasmode until Li

If Ti < min(L;, C), plasmode

Modeled Elements

Simulated after L; using
linear mixed effects model

Simulated after L; using visit
frequency in 12 months prior
to L;

Simulated using linear mixed
effects model

If L; < C, simulated using
inverse sampling from time-
dependent survival model

Simulated using inverse
sampling from time-
dependent survival model
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