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Abstract

Despite advances in prostate cancer treatment, wide variability in post-operative
oncologic and functional outcomes are observed. Effective management of prostate cancer
requires accurate prediction of potential outcomes and setting realistic expectations of functional
outcomes is an important challenge. Advances in computing are accelerating the development of
prediction tools using routine clinical practice and patient reported outcomes data to support the
treatment decision-making process; however, variability in post-operative functional outcomes
remains despite the advancements.

The development, deployment, and evaluation of prediction models in routine urology
practices has the potential to enhance the treatment decision-making process and improve the
overall quality of prostate cancer care. The objective of this dissertation is to assess the patterns
of urinary continence recovery in a statewide registry. To achieve the objective of this
dissertation, we conducted a retrospective analysis of urinary continence recovery after radical
prostatectomy for individuals who completed the Michigan Urological Surgery Improvement
Collaborative (MUSIC) - Patient Reported Outcomes (PRO) questionnaires. We assessed
variability in urinary function outcomes at four post-operative time points and quantified the
variability attributable to patients and surgeons (Aim 1). We trained pre- and post-operative
prediction models that estimated long-term urinary continence recovery by predicting urinary
domain scores and pad use at multiple time points (Aim 2). Lastly, we evaluated how temporal
changes in practice patterns affect the robustness of models that estimate pad use by assessing
various model building strategies (Aim 3).

Using MUSIC registry and patient reported outcomes data, we found wide variability in
continence recovery, with greater variability attributable to patients than surgeons (66% versus
7%) in mixed-effects models. Models that incorporated post-operative data and predicted
outcomes at proximal time points performed better than pre-operative models or models that
predicted outcomes at distal time points. Model discrimination remained stable and models while

model calibration showed some indication of over-estimation in later years, but no evidence of

X



calibration drift emerged. By conducting a retrospective study of statewide registry data to
quantify variability in urinary continence, predicting long-term recovery, and assessing the
robustness of prediction models to secular trends in registry data, our aim is to further the
understanding of factors associated with urinary continence recovery and advance the science
around prediction models using patient reported outcomes data. The results of these analyses fill
gaps in our understanding of urinary continence recovery and further advance the goals of the
Michigan Urological Surgery Improvement Collaborative to improve the quality of prostate

cancer care in Michigan.

Keywords: Prostate cancer treatment, patient reported outcomes, urinary continence

recovery, prediction models , model performance
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Chapter 1 Introduction

Prostate cancer is a common and heterogenous disease. Over the past three decades, we
have developed a greater understanding of this disease. However, uncertainties and controversies
are widespread in prostate cancer care. Progress is slow, incremental, and contentious.
Professional interests, individual experiences, and training influence experts to arrive at different
conclusions despite seeing the same data. The tension between those who believe in the efficacy
of screening and aggressive treatment versus those who argue for a more cautious approach is
real in prostate cancer care. The purpose of this literature review is to understand how prostate
cancer care has evolved over the past three decades and provide an overview of how patient
engagement tools such as patient reported outcomes have been used in prostate cancer care. With
uncertainties and controversies as backdrop, this review presents a synthesis of current literature

while highlighting knowledge gaps in our understanding relevant to prostate cancer care.

1.1 Epidemiology of Prostate Cancer

Prostate cancer is a common disease. In fact, it is one of the most prevalent malignancies
in men. In the US, the lifetime risk of being diagnosed with prostate cancer is approximately
11.6% (95% C.1. 11.54-11.65), and the lifetime risk of dying of prostate cancer is 2.44% (95%
C.I 2.42-2.46)." An estimated 191,930 men will be diagnosed and about 33,330 will die of
prostate cancer in 2020.'° Prostate cancer incidence is highly sensitive to prostate cancer
screening patterns. As prostate specific antigen (PSA) screening increased starting in 1991-1992,
incidence rates increased as well.? In fact, a dramatic increase was observed in the incidence of
prostate cancer between 1988 and 1992 by an average increase of 16.5% per year.* To fully
appreciate the complexities in treatment and concerns about over-treatment, it is important to
recognize how the prostate cancer landscape dramatically changed beginning in the mid-1980s

with the arrival of the PSA screening era.



1.1.1 The Prostate Specific Antigen (PSA) Era

As PSA screening became widespread in the mid-1980s, we saw a rapid increase in
prostate cancer diagnosis. The US National Cancer Institute’s Surveillance Epidemiology, and
End Results (SEER) data show that prostate cancer incidence rates increased rapidly between

1989 and 1992 (Figure 1) while the age-adjusted mortality rates continued to decline (Figure 2).

Figure 1. Prostate Cancer Incidence Rates (SEER 9). All Races, All Stages.
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There are two primary reasons cited in the literature that contributed to the precipitous
increase in incidence rates. Epidemiologists claim that the rising uptake of PSA testing
contributed to this increase, including analyses of SEER and Medicare claims data, which have
established that PSA testing led to the rapid increase in prostate cancer incidence.’ Some
researchers have speculated that the increased use of prostate biopsies might also have
contributed to the increase in incidence rates.® However, a separate retrospective study of SEER
and Medicare claims data conducted in 1998 found that transurethral resection of the prostate
(TURP), a biopsy procedure that became popular during time, explained much of the observed
increase in overall prostate cancer incidence between 1973 and 1986, however, the influence of

TURP on the trend and overall magnitude of the rates diminished between 1987 and 1993.°
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Suffice it to say, the rapid increase in PSA use and possibly increase in the use of TURP
contributed to a rapid increase in prostate cancer incidence rates between 1988 and 1992.
Notably, between 1992 and 1995, the incidence rates started to decline as a result of a clearing
out of the prevalent cases®—i.e. reduction in the pool of indolent cancers that were initially
undiagnosed.* The incidence rates plateaued between 1995 and 2007, but we did not see any
further declines until after 2007 (Figure 1).* It is important to note that in these intervening years,
United States Preventive Services Task Force (USPSTF) revised its screening guidelines in 2008
urging a cautious approach to PSA screening and in 2012, it gave a Grade D recommendation,
advising against routine use of PSA screening and discouraging the use of Digital Rectal
Examination (DRE) with both PSA and DRE were found to be an ineffective screening
modality.!%-%3

The rapid increase in incidence in early 1990s brought about radical changes in stage and
grade migration with an increasing number of men diagnosed with low risk, localized or indolent
prostate cancer.® For example, in late 1990s to early 2000s, almost 80-90% of prostate cancer
diagnosed was localized prostate cancer.>?° In contrast, before the PSA era, a larger proportion
of prostate cancers were diagnosed at an advanced stage.!® In addition to state migration,
surveillance data suggest that PSA testing created age migration as evidenced by the changes in
the age distribution of the population diagnosed.>!! For example, longitudinal analysis of SEER
data reveals that prostate cancer is most frequently diagnosed in men between the ages of 65 and
74 with the median age of 66 at diagnosis.'? Prior to the PSA era, the median age at diagnosis

was 70 years.?

1.2 Prostate Cancer As a Health Policy Issue

Prostate cancer prevention, screening, treatment, and survivorship issues have garnered
remarkable interest in medical and health policy communities over the last several decades. As
the US population ages, prostate cancer remains a significant public health issue with major cost,
morbidity and mortality implications.'>*!'* Annually, the National Institutes of Health invest over
$200 million in studies to investigate prostate cancer prevention, screening, treatment and
survivorship issues.!®> The National Cancer Institute estimates the national cost of prostate cancer
care will continue to rise based on population estimates, which ranged from $11.85 billion

annually in 2010 dollars to a projected $16.34 billion dollars in 2020 based on estimates of



cancer prevalence from 9 SEER areas.'®> As new and expensive treatment technologies are
introduced, the overall cost of prostate cancer treatment is likely to increase substantially as new
technologies are costlier than their traditional counterparts with uncertain health benefits. '
Hence, covering the cost of prostate cancer treatment remains a significant health policy issue.
As the nation grapples with the rising cost of health care and struggles to care for the aging
population, the goals of providing the right care, for the right people, at the right time become

even more important.

1.2.1 Controversies in Prostate Cancer Care

Prostate cancer is often an indolent disease in many men, and in some men the cancer is
more aggressive and leads to death.!” Surveillance data suggest that it remains the second leading
cause of cancer death among men. However, there has been a decreasing trend in age-adjusted
mortality rates over the past two decades with even more rapid mortality declines in recent years
(Figure 2).%*!® It is uncertain what caused the drop in prostate cancer mortality since 1991.
Researchers hypothesized that it could be due to screening and treatment, changes in attribution
of cause of death, and possibly due to increased risk of death from cardiovascular diseases
among prostate cancer patients.® The increased risk of death from cardiovascular disease for
patients diagnosed with prostate cancer is an important epidemiological phenomenon. As men
get older, they are more likely to develop not only prostate cancer, but also are at a higher risk
for cardiovascular and coronary artery diseases, diabetes, and metabolic syndrome among other
chronic conditions. A large retrospective study of SEER data from 1973 to 2012 showed that
prostate cancer patients make up one of the largest absolute numbers, which accounts for about

17%, of patients who have died of CVD."



Figure 2. Prostate Cancer Mortality Rates. (SEER 9). All Races, All Stages.
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There is a lack of consensus on why mortality rates are declining. Clinicians who treat
prostate cancer suggest that the observed improvements in mortality rates are due to better
treatment options, including the introduction of robotic surgeries?’ and improving the precision
of radiation therapies.?! However, there is conflicting evidence indicating whether prostate
cancer therapies truly prolong patients’ lives pointing to evidence from a trial that compared
surgery with active surveillance.?? From an epidemiological perspective, this is a highly
contested area with conflicting evidence leading to controversial conclusions.

Albert Mulley and Michael Barry, in their 1998 article published in the British Medical
Journal (BMJ) calling for more high quality data in prostate cancer care, argued that “the poorer
the evidence, the more discretionary the interpretation, and the more controversial the
conclusion.”® Since that article, dozens of large randomized trials in prostate cancer care
attempted to provide higher quality evidence to answer lingering questions about screening and
treatment efficacy. However, despite the increase in RCTs, challenges of poor evidence,
discretionary interpretation, and controversial conclusions that Mulley and Barry identified
remain large. Similar to the sentiments expressed by Mulley and Barry, Cooperberg et al. have

argued that “the absence of high-quality comparative effectiveness data, along with controversy



regarding interpretation of the data that do exist, creates a fertile substrate in which variation
would be expected to thrive.”** Because of variations in treatment and concerns about over-
treatment, in 2009, the National Academy of Medicine recommended examination of
management strategies for localized prostate cancer on survival, recurrence, side effects, quality
of life, and costs as one of the nation’s most important comparative effectiveness research

priorities to examine.?

1.2.2 Over-diagnosis and Over-treatment

Arguably, one of the most contentious aspects of prostate cancer care is the debate about
overdiagnosis and over treatment. At the height of the PSA era, there was an increased concern
that overdiagnosis of localized disease would lead to overtreatment of localized disease.
However, a retrospective analysis of Medicare data for 2007-2012 shows that reduced PSA
screening (post USPSTF revised recommendation) resulted in a 42% decline in population-based
treatment rates, from 4.3 in 2007 to 2.5 in 2012 per 1,000 men compared to 8% decline (from
718 to 659) in treatment per 1,000 diagnosed men.?' The investigators assert that decreasing rates
of diagnosis, potentially from decreased screening, were the main driver for the decline in
population-based treatment rates. This decline in prostate cancer screening and subsequent
incidence is also reducing early stage prostate cancer diagnosis.?¢ Interestingly, a smaller
proportion of early stage diagnosis is resulting in diagnosis of more regional and distant-stage
disease as a greater proportion of all prostate cancer diagnoses from 2010 to 2014.4%’

Evidence points to widespread over-treatment of prostate cancer that is detected from
PSA screening, primarily when the disease is localized.?®?%3%3! Researchers argue that had it not
been for PSA screening, many of the cancers found during the PSA era would have never been
diagnosed or diagnosed in later years.? Lack of early diagnosis of localized prostate cancer
would have caused no clinical harm had they remained undetected.'® However, once prostate
cancer is diagnosed, there are several definitive treatment options available including radical
prostatectomy, brachytherapy, external beam radiation therapy, proton beam therapy, androgen
deprivation therapy in combination with other therapies, cryotherapy, high-intensity focused
ultrasound (HIFU) among other options.>? Non definitive therapies include active surveillance,
watchful waiting and androgen deprivation therapy alone.** Morbidity associated with prostate

cancer treatment remains substantial and no one treatment option is superior to other treatment



options, despite claims that technological advances have improved quality-of-life
outcomes.>**>3¢ It is now widely recognized that most men die with prostate cancer than die
from prostate cancer.’” In an autopsy study of men who died of other causes, more than 20% of
men aged 50 to 59 years and more than 33% of men aged 70 to 79 years were found to have
prostate cancer.!? Hence, over-treatment of prostate cancer remains a highly debated topic in
prostate cancer care. Longitudinal trials suggest men who undergo treatment do not end up with
better outcomes, both from a longevity and quality of life perspective than those choosing active
surveillance.?> Over-treatment of prostate cancer often leads to over-use of health care, creating
burden on patients and care-givers. There is also evidence that suggests to over-treatment driven

by specialty bias in which the specialists recommend the treatment options they perform.>®

1.2.3 Specialty Bias

Prostate cancer are managed by urologists, urologic oncologists, radiation oncologists or
medical oncologists.*® Patients diagnosed with prostate cancer are generally presented with
multiple treatment alternatives including whether active treatment or active surveillance is right
for them based on their age, comorbidities, tumor grade, volume and other clinical
characteristics. Patients are often given conflicting information by clinicians who specialize in
different specialties, highlighting the need for multidisciplinary teams.*® In some institutions,
prostate cancers are managed by teams of multispecialty clinicians.*’ Traditionally, there has
been a delineation of treatment modalities by specialty type. Urologists have been responsible for
treatment of erectile and urinary aspects of prostate cancer care while focusing on surgical
interventions. While medical oncologists typically focus on providing chemotherapy and
radiation oncologists have generally undertaken radiation therapy.>* A study conducted by
Fowler et. al. in 1998, which included randomly sampled urologists and radiation oncologists,
found that while these specialists generally agreed on the basic premise of screening and
treatment, they overwhelmingly recommended the therapy that they themselves deliver.*! A
study conducted in Germany comparing treatment choices between urologists and oncologists,
should they become patients with prostate cancer themselves, showed that urologists preferred
surgeries while radiation oncologists preferred radiotherapy regardless of disease

characteristics.*?



There were many similarities between the German study and a US study, a survey of
randomly drawn sample of over 700 urologists and radiation oncologists, asked these specialists
to propose treatment based on a hypothetical case given for their clinical consideration. This
study showed both specialties preferred the treatment modalities they offer, consistently chose
primary treatments in favor of their specialty perceived the treatment they offered to be more
effective and believed that their treatment would lead to a better quality of life.* Beyond surveys
of specialists, meaningful physician-level variation in the management of low-risk prostate
cancer has been documented in a robust study.*® In a retrospective cohort study of SEER and
Medicare claims data, Hoffman et al. found that patients whose diagnosis was made by
urologists were more likely to receive upfront treatment, and when treated, more likely to receive
a treatment favored by the urologists indicating the risk of overtreatment based on the specialist’s
personal biases.*

In light of these instances of documented specialty biases, provider selection becomes a
critical part of decision-making for patients. Little is known about how patients with prostate
cancer select providers. A small qualitative study conducted in Philadelphia area found that for
screen-detected prostate cancer, the majority of patients relied on their primary care providers for
referrals to diagnosing urologists, and on their diagnosing urologists to choose the treating
specialist.** Hence, it becomes increasingly important for primary care providers and diagnosing
providers to steer patients towards multidisciplinary treatment teams where patients are provided
with balanced information and decisions are made based on the most robust evidence, patients’

values, preferences and treatment goals.

1.3 Shared Decision-Making

Prostate cancer patients are encouraged to be more involved in their treatment decision-
process.*’ The voices supporting shared decision-making have come from within the medical
community. Elwyn et al. in their 2009 paper suggested that the unilateral imposition of
professional opinion is no longer a valid mode of interaction in healthcare settings. They argued
that medicine is undergoing a significant shift in how the roles of physicians and patients are
defined, recognizing that decisions in medicine need to accommodate uncertainty that exists
about the benefit versus harm ratio.*® Perhaps in no other field than in prostate cancer, the trade-

offs between benefits and harms is more relevant. There is a gradual push to accommodate



patients’ preferences and values in screening and treatment decision-making to balance the trade-
off between quality and longevity of life after a prostate cancer diagnosis. Nevertheless,
clinicians who treat prostate cancer patients are challenged to present options in a balanced
manner and often struggle to convey uncertainties and clinical equipoise to patients.*’*

Clinical equipoise is a relevant concept in prostate cancer care because of prominent
clinical trials that have demonstrated that no one treatment option is superior to other in
prolonging a man’s life, and each treatment comes with a set of side-effects. Even though men
are living longer with prostate cancer,'? it is important to note that no one treatment option is
considered to be the preferred method of treating localized prostate cancer. Hence, the balance,
or equipoise, between the benefit and harm of various treatment options become relevant,
making treatment decisions sensitive to the preferences of patients and providers. 4%

Preference sensitive care describes a situation where the evidence for the superiority of
one treatment over another is not well established.*® When a treatment is preference-sensitive,
there is an increased emphasis on a collaborative process to arrive at a decision, jointly made by
the patients and clinicians based on patients’ values, preferences and treatment goals.*® However,
there is evidence to suggest that clinicians are not engaging in shared decision-making with their
patients based on clinicians’ self-reported lack of awareness and use of decision-aids, which
often leads to patients receiving treatment without fully understanding the benefits and
limitations.>® This type of knowledge gap was demonstrated in a cross-sectional knowledge
survey performed in newly diagnosed localized prostate cancer patients recruited through the
Metropolitan Detroit Cancer Surveillance System in Michigan. Study results showed that both
black and white patients had large knowledge gaps regarding the side effect profiles and survival
benefits of different treatment options.>! Given that knowledge gaps between side effect profiles
and survival benefits of treatment options exist, this study raises particular concern that the
preferences of clinicians likely superseded the preferences of patients highlighting the lack of
true shared decision-making in prostate cancer care. Even though medicine might be moving
away from paternalism to shared decision-making, the transition has been slow, difficult, and
challenging in prostate cancer care as this review discusses in the subsequent sections.

To reduce unwarranted variations in prostate cancer care including concerns about over-
treatment, the Michigan Urological Surgery Improvement Collaborative (MUSIC) has developed

a roadmap for the management of favorable-risk, early-stage prostate cancer.’> The roadmap



intends to unlink prostate cancer diagnosis from treatment through greater use of surveillance
among other strategies.>® The roadmap lists four steps in determining eligibility for active
surveillance with the final step calling for clinicians to engage in shared-decision making to
make a management decision either to pursue local treatment or active surveillance.>*-*
Additionally, to reinforce the clinical guidelines in the roadmap, MUSIC developed active
surveillance appropriateness criteria and six quality measures to assess progress and provide
feedback to clinicians on their management of men with low-risk prostate cancer.’>> These
quality measures included consideration of active surveillance among eligible patients,
confirmatory tests in patients eligible for active surveillance, and rates of verifiable/documented

active surveillance among other measures.>*>

1.3.1 Risk Stratification and Treatment Decision-Making

Since clinicians may find it challenging to adequately risk-stratify newly diagnosed
patients,*® several organizations have put forward treatment guidelines to help clinicians identify
ideal patients for active treatment or surveillance. These guidelines encourage clinicians to
conduct confirmatory testing. Hawken et. al. conducted a study to test the sensitivity of
contemporary active surveillance guidelines and assessed how many men who met active
surveillance criteria proceeded with initial active surveillance.®” The study concluded that
urologists in Michigan had not coalesced around a single set of selection criteria for patient
selection for active surveillance. Their study highlighted substantial differences in beliefs and
perceptions around prostate cancer risk that effect treatment recommendations for patients with
low risk tumors. The authors called for a better understanding of the entire decision-making
process including characterization of provider perceptions of risk and thresholds for treatment,
how cancer risk is communicated with patients, shared decision-making between patients and
providers and the degree to which difference in patient preferences drive the variation observed

in the analysis.”’

1.4 Patient Reported Outcomes in Prostate Cancer Care

Historically, collecting information from patients about the effects of treatment was
primarily accomplished through verbal history component of the clinician’s assessments and
symptoms checklists.’® With advances in technology, there is a growing movement to collect

information directly from patients in a structured format, commonly known as Patient Reported
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Outcomes (PROs) or Patient Reported Outcome Measures (PROMs). These two terms are used
interchangeably, however, PROs relate to any information on the outcomes of health care
obtained directly from patients while PROMs are standardized or structured instruments or
questionnaires that capture the status of a patient’s health condition directly from the patient,
without interpretation by health care professionals.>%-6%-6!

As such, PROs are instruments designed to assess common issues that affect patients’
health or quality of life after a diagnosis or treatment. Typically, patient responses to PRO
questionnaires generate numerical scores, which reflect health-related quality of life and or
health outcomes. PROs assess outcomes that only patients are able to provide based on how a
given treatment is impacting their quality of life, functional status, symptoms, side-effects, and
overall experience with care. PROs can be used for multiple purposes including efforts to
improve patient outcomes and experience, to assess health care related quality of life and
treatment associated morbidity, and to support treatment related shared decision-making
process.’® There are several types of PRO instruments; some are generic, condition or disease
agnostic, that assess health related quality of life (HRQOL) while others are condition specific
that assess outcomes related to specific conditions such as PRO instruments developed for
oncologic care.’>%? Traditionally, 5 different categories of PRO instruments are used in research
and clinical practices for different purposes including; (a) health related quality of life (HRQOL)
measures that can be generic or condition specific, (b) functional status measures that reflect
patients ability to perform specific activities, (c) symptoms and symptom burden measures that
are specific to type of symptom of interest, (d) health behaviors related instruments that specific
to type of behaviors, and (e) patient experience measures that pertain to patient satisfaction with
process of care delivery.!

PROs have traditionally been used in clinical trials and in comparative effectiveness
research to evaluate treatment efficacy and effectiveness. In clinical trials, PROs have been used
to assess how patients respond to different therapies, longitudinally track patients’ health, and
facilitate treatment modifications.5>%> A systematic literature review of peer-reviewed articles
detailing randomized controlled trials (RCT) published from January 2004 to March 2012, found
that the trend to incorporate patient-reported data in clinical trials has been increasing over the
past two decades.®* Many RCTs include patient reported outcomes as useful and valid endpoints

in addition to traditional clinical outcomes such as morbidity and mortality.®* Since quality of
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life is often the primary end-point for many cancer treatments that emphasize symptom
management and palliation, PROs are increasingly being used to determine success of cancer
treatments developed to improve patient’s quality of life or treatments with palliative intent. ¢
As such, the Food and Drug Administration (FDA) plays an influential role in defining patient
reported outcomes, how and when they should be used. In doing so, the FDA has provided
extensive guidance on how the Administration evaluates evidence generated from PROs. The
FDA advises PRO instruments to be used when measuring a concept best known by the patient
or best measured from the patient perspective.®® In addition to being used in clinical trials,
collecting treatment side-effect information directly from patients in a systematic manner are
increasingly being implemented in routine clinical practice for quality improvement,

performance measurement and to enhance patient-centered-care.>”%!

1.4.1 PROs to Enhance Patient-Centered Care

In recent years, we have seen a greater emphasis on integrating PROs in routine clinical
practice and in settings more convenient to patients to enhance patient-centered care. %>
Understanding and incorporating patient satisfaction and outcomes that include the patient’s
perspective are considered to be integral to a patient-centered care.® Some scholars have argued
that patient-reported outcomes should be accessible in a clinically meaningful context to patients
and providers in a manner that is similar to how laboratory results are routinely available and
examined in clinical care.%’ PROs are viewed as instruments that could fill in the gap in
measuring outcomes by focusing on items that are most relevant and important to patients. Basch
et al. found that integrating patient-reported outcomes into clinical practice improves symptom
control, communication and patient satisfaction and in absence of patient reporting of symptoms,
clinicians tend to miss or underestimate many of the symptoms experienced by patients.”® In
addition to promoting patient-centered care, PROs have been promoted as quality improvement
or quality assurance tools by delivery systems, health insurers, and increasingly the Centers for

Medicare and Medicaid Services (CMS).

1.4.2 PROs for Prostate Cancer Quality Improvement & Value-Based Payments

Since PROs are useful in monitoring performance and stimulating quality improvement
at the provider level, there is an increasing push by payers and government entities to include

them in quality measurement as well as in value-based payments.®® The Centers for Medicare
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and Medicaid Services (CMYS) is advancing patient reported outcomes in the context of value-
based payment reform despite the fact that the current oncology performance measures advanced
by the CMS do not incorporate PROs.?®7! In late 2019, the CMS has released details of a
proposed alternative payment model for oncology care, which includes gradual implementation
of patient reported outcomes for symptom monitoring.”"’? Likewise, several national
organizations including the National Quality Forum (NQF) have endorsed of the use of PRO-
based performance measures (PRO-PM) for the purposes of performance improvement and
accountability.”> PRO-PMs are patient reported outcomes that are primarily designed for
performance improvement and accountability purposes, where patient generated data are
aggregated for a hospital or a clinical practice.”® As value-based and alternative payment models
gain prominence, PRO-PMs are likely to be extensively used in performance improvement and
accountability.

Even though, patient-reported outcomes can serve as quality improvement tools at the
provider level as well as tools to improve outcomes at the patient level, a growing body of
literature raises concerns about the use of PRO-PM in quality measurement. Specifically, a
debate in clinical quality improvement involves whether adherence to process measures results in
better patient-centered outcomes. Sohn et al. conducted a study designed to determine whether
adherence to nationally endorsed quality measures was associated with patient reported
functional outcomes including, patient satisfaction and treatment related complications. The
study found weak associations between compliance with nationally-endorsed quality measures
and patient-centered outcomes.”

Part of the reason why compliance with nationally-endorsed quality measures fail to
improve patient outcomes is because most of the quality measures developed in the United States
follow Avedis Donabedian’s structure, process and outcomes model, which serves as the
theoretical framework for quality improvement.®® Most quality measures, including those related
to prostate cancer, are primarily structure or process measures and only a few are outcome
measures that are relevant to patients.”* For example, Gori et al. conducted a structured review of
contemporary literature in 2017 to identify all prostate cancer quality measures proposed by the
scientific or the measurement communities (e.g. the National Quality Forum) and assessed the
frequency of these quality measures appearing in peer-reviewed publications.”” Their study

revealed that out of 71 proposed quality measures, process measures accounted for almost 84.5%
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(n=60) of all proposed measures with 7% (n=5) structure measures and only 8% (n=6) were
outcome measures. At the time of the publication of their paper, only 7 of these 71 quality
measures were endorsed by the National Quality Forum, which influences how physicians are
reimbursed.” This study further revealed that the least studied measures in the literature were
related to patient outcomes including assessment of sexual function and urinary incontinence.
Hence, critics have a grim view of performance measures as they fail to address the items most
important to patients and measures that are clinically meaningful that are valued by patients,
providers and payers. />’

In addition to the question of whether quality measures lead to improvements in patient
outcomes, there is also a debate about whether PROs lead to actual improvements in the quality
of patient care.”” It is widely recognized in quality improvement circles that patient satisfaction
with outcome is the ultimate arbiter of quality, but most measures of satisfaction focus on the
process of cancer care rather than the outcome of care.’®” For example, quality measures that
assess whether providers offered counseling or treatment choices without providers seeking
patients’ preferences, it is unlikely that the quality measure would end up improving the outcome
of care as patients may not follow-up with the intervention as providers failed to take patient
preferences into account.’® Kotronoulas et al. conducted a systematic review to explore whether
inclusion of PROs in routine clinical practice is associated with improvements in patient
outcomes, processes of care and health services outcomes. They found that the routine use of
PROs produced effect sizes that were predominantly small-to-moderate indicating tentative
evidence regarding the effectiveness of PROs in improving quality of patient care.”” The
Kotronoulas study highlights the need to focus on outcomes measures to improve quality of

prostate cancer care.

1.4.3 Common Prostate Cancer PRO instruments

As discussed above, treatments for prostate cancer includes active surveillance and active
or definitive treatment such as radical prostatectomy, brachytherapy, radiation therapy among
other options. Men are living longer after prostate cancer diagnosis and there is evidence to
support that advances in treatment are reducing overall mortality despite longitudinal trial
evidence indicating that a treatment option cannot be ruled superior to another treatment option.

Each treatment option is associated with respective side effects impairing health-related quality
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of life, which are becoming increasingly important.®*3° Hence, prostate cancer specific PROs are
deployed to help clinicians monitor treatment side effects and assess how patients progress on a
given treatment over time. Literature suggests that urology specific PROs are appropriate tools to
measure effects of prostate cancer treatment including urinary, sexual and bowel functions
among other quality of life issues such as the ability to perform day to day activities that are most
important to prostate cancer patients.>®-8!82

Several patient reported outcomes measurement tools have been developed and some, but
not all, have been tested and validated in urologic care including the University of California,
Los Angeles Prostate Cancer Index (UCLA-PCI), Expanded Prostate Index Composite (EPIC-
50) and the short-form (EPIC-26), International Index of Erectile Function (IIEF-5) — Sexual
Health Inventory for Men (SHIM), International Prostate Symptom Score (IPSS), the Patient
Reported Outcomes Measurement Information System (PROMIS) Interest in Sexual Activity and
Satisfaction With Sex Life, The European Organization for Research and Treatment of Cancer
Quality of Life Questionnaire (EORTC QLQ), and the American Urological Association
Symptom Index (AUA-SI) are more prominent PROMs. %34

In prostate cancer care, the most commonly used PRO instruments are UCLA-PCI, EPIC-
52/EPIC-26, and EORTC QLQ-C30.%7 The 20-item UCLA-PCI was one of the first PROs
focused on treatment side-effects of prostate cancer. It was validated with 255 respondents with
84% of whom had localized disease. The initial design of the UCLA-PCI PRO included patients
and their spouses resulting in increased relevancy for patients making treatment decisions for
localized disease.®>%* UCLA-PCI includes six disease targeted domains measuring function and
bother in the urinary, sexual, and bowel domains. It has been extensively validated in multiple
patient populations and reflects good cross cultural validity. However, the UCLA-PCI was
criticized for not capturing the full spectrum of quality of life changes after localized prostate
cancer treatment resulting in the development of EPIC-50.%°

EPIC was developed to address some critical shortcomings of existing UCLA-PCI. EPIC
includes measures that are relevant to prostate cancer patients including irritative and obstructive
urinary symptoms, hormonal symptoms, and quantifies function specific bother between urinary,
sexual, bowel and hormonal domains.?> EPIC was tested and validated in a cohort of 252
randomly selected localized prostate cancer patients with equal representation of subjects

between brachytheraphy, external beam radiation, radical prostatectomy and hormonal therapy to
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ensure side effects from each of these therapies are well represented.® EPIC is widely used in
prostate cancer research and practice with high test-retest reliability, internal consistency and
criterion validity etc.”*8385 EPIC assesses function by identifying how frequently a prostate
cancer patient has been affected by a treatment side-effect during the past 4 weeks. EPIC also
assesses how bowel, bladder, hormonal and sexual side-effects bother a prostate cancer patient
by seeking to quantify how big a problem have these side effects been to the patient in the past 4
weeks.®® EPIC became a robust tool as a result of continuous improvement of UCLA-PCI
instrument in which the 50-item EPIC included 17 of the original UCLA-PCI items.%?

However, with 50 items, EPIC was considered to be too long and time-consuming on
patients and when combined with other patient-reported instruments it is even more onerous on
patients.®®3%7 Hence, a shortened, 26-item version was developed by Szymanski et al. to
facilitate quality of life measurement in research and clinical settings by identifying items
suitable for elimination while retaining items that could still help measure the 5 symptom
domains of EPIC-50.87 Similar to the original EPIC, each item in EPIC-26 is scored from 0 being
the least favorable to 100 being the most favorable health-related quality of life or outcome
satisfaction. %788 EPIC-26 has gained traction because it has been tested and validated and is
the one of the most widely used instruments.® It has also received international recognition as
the International Consortium for Health Outcomes Measurement (ICHOM) has given its support
for its wider use over other PROs currently in existence.®

Recognizing EPIC-26 could still be too cumbersome to administer in routine clinical
setting, Chang et al. further shortened EPIC-26 to develop EPIC-CP, a one-pager PRO
instrument with 16 items for clinical practice, which they validated in a cross-sectional cohort of
307 prostate cancer patients.®® There are many similarities between EPIC-26 an EPIC-CP,
however, there are two key differences between these instruments. First, these two instruments
are scored differently and the directionality of the scores are opposite of each other. In EPIC-26,
items scores need to be transformed to 0-100 scale, however, in EPIC-CP, item scores are
summed up to arrive at domain scores (0-12 for respective domains), making EPIC-CP user-
friendly tool for busy clinical practices. Likewise, in EPIC-26, as explained earlier in this
section, the higher the score, the better the HRQOL. However, in EPIC-CP, the lower the score,
the better the HRQOL.”® Developers of EPIC-CP argue that they designed this PRO instrument

to bridge the gap between research and clinical settings but it is important to recognize that
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shorter instruments may lack the breadth and granularity of expanded instruments. The difficult
trade-off between what is practical and useful versus what is meaningful and comprehensive in

clinical setting is quite real, leading to implementation barriers and challenges.

1.4.4 Implementation Challenges

Integrating PROs into routine clinical practices is increasing encouraged by the transition
to value-based health care and a growing body of evidence demonstrates PRO’s impact on
patient outcomes.’”*? However, there are challenges to PRO integration into routine clinical care
including operationalization of PROs, burdens on patients, providers and systems.® The burden
on patients is an important aspect to be considered prior to implementing new interventions,
especially when data are sparse to support improve quality of care with the use of PROs.%¢

There is also a growing concern about whether clinics are using the right PRO
instruments for right types of indications and if the selected questionnaires are validated for
specific indications or validated for the population of interest.”"*® Some PROs are developed to
understand certain aspect of care and may not adequately or reliably measure all dimensions of
patient’s functions. For example, some prostate PROs focus more on urinary incontinence, while
others focus on irritative and obstructive urinary symptoms.®” Some PROs focus on sexual
interest while others focus more on erectile functions making it difficult for clinicians and
practices to identify the right instruments for the dimensions of care or side-effect profile of a
treatment of interest. When PROs are not always used as intended, it may result in measurement
error and proliferation of misleading or erroneous information, hence, decreasing confidence in
study results.®

To help address these issues, a national level effort is in place to streamline, test, validate
and help facilitate the implementation of PROs. The Patient Reported Outcomes Measure
Information System (PROMIS) is a federally supported measurement system that advances the
science of patient reported outcome measures by offering item banks of patient reported outcome
surveys for adults and pediatric patients to be used in clinical and research settings.”>’®* PROMIS
offers a set of psychometrically sound, patient-centered measures that evaluates and monitors
physical, mental, and social health and are designed to enhance communication between patients
and clinicians.”! These core PROMIS domains are created to be relevant for the assessment of

symptoms and functions in multiple contexts, conditions, and diseases as these items generally
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do not carry attributions to a specific condition or treatment.”> PROMIS measures are purported
to be better than conventional measures for many reasons including having a larger range of
measurement to decrease floor and ceiling effects, having fewer items than most conventional
measures to decrease respondent burdens and most importantly providing a common metric for
interpretation and crosswalks (linkage) between many conventional measures for

comparatibility.’!

1.4.5 Clinician Engagement

Another challenge around implementation is the usefulness of PRO reports. It is
understood that providing PRO to individual surgeons helps them to counsel patients, improve
surgical technique and guide follow-up care decisions,’> however, it is unknown to what extent
clinicians review their PRO reports or act on the data presented in these aggregated reports. In
Michigan, the Michigan Urological Surgery Improvement Collaborative (MUSIC) is
implementing MUSIC-PRO to improve quality of care after radical prostatectomy. Participating
urologists encourage patients to complete MUSIC PRO questionnaires at baseline and in months
1, 3, 6, 12 and 24 post radical prostatectomy. MUSIC has seen a continuous growth in PRO
enrollment, with an overall goal of enrolling 70% of all patients who chose radical
prostatectomies annually in PRO. MUSIC met this goal in 2018 with around 70% enrollment®*
and surpassed it in 2019 with over 75% enrollment in MUSIC PRO.

Recent literature suggests that there are variations in PRO engagement among MUSIC
surgeons with high PRO engagement was associated with better patient outcomes, particularly
among lower volume surgeons.”> To minimize variations and improve the quality of care,
MUSIC has been focused on expanding PRO use among MUSIC affiliated urologists. MUSIC
also supports many activities by providing a framework to identify surgeon characteristics or
techniques that may be useful in improving functional outcomes through activities such as skills
workshops, video review, and mentoring.”® Similarly, MUSIC measures and reviews urologists’
outcomes and engages them in continuous quality improvement efforts. Despite these ongoing
quality improvement efforts, MUSIC has yet to achieve the collaborative-wide goals for
functional outcome improvements after surgery.”®

One of the key quality improvement goals for MUSIC PRO is to improve two patient

related outcomes after radical prostatectomy. These two key outcomes are related to social
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continence, which is defined as maintaining temporary use of 1 pad per day or fewer (rate of 0-1
pads per day) at 3-months post-radical prostatectomy.’® If pad use is limited to 0-1 pad per day
then it is understood as maintaining social continence. MUSIC’s 3-month social continence goal
is 75% in the first 3 months of radical prostatectomy. Statewide average of MUSIC enrolled
patients indicates that currently 64% of patients are maintaining social continence, which is
about 11% below MUSIC goal. Similarly, MUSIC’s 6-month urinary function goal is at least
90% of patients maintaining social continence and as of the end of 2019, 83% MUSIC enrolled
patients were maintaining social continence.”® Statewide outcomes of social continence at 3 and
6 months post radical prostatectomies remain plateaued in Michigan for the past since late 2014.
There might be a few explanations of why the social continence rates have remained unchanged
in Michigan. Perhaps, perhaps there is a “ceiling effect” where further progress is unattainable or
perhaps urologists have not a way to further improve their skills, or there are other important

reasons that we have not fully understood.

1.4.6 Clinical Interpretation Problems

Clinical interpretation of PROs is increasingly gaining traction as clinicians struggle to
interpret changes in domain scores in a clinically meaningful manner. More specifically,
clinicians find it challenging to understand if a patient reported function score at baseline is
better or worse than a score the patient reports after a treatment as most PROs combine questions
together into domains and generate composite scores to give a summative view on patient
functions.’®”* The summative view on functional status as represented by a score is useful to
examine trends or average changes in HRQOL but it can also present challenges in clinical
interpretation especially when the sexual, bowel, hormonal, and urinary domain score thresholds
that should be considered clinically relevant are not defined.”® To help build evidence for what
constitutes clinically meaningful change from pre-treatment to post-treatment PRO scores,
Skolarus et al. conducted a study to establish a score threshold that constitutes a clinically
relevant change, or minimally important difference (MID) for each urinary, sexual, bowel and
hormonal domains of the EPIC-26 instrument.%® MIDs refer to the smallest change in domain
specific summary score, usually at or above a given threshold, reflecting a clinically meaningful

or important HRQOL change that is perceived by a patient.®>*° Skolarus et al. found that
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clinically meaningful changes in EPIC-26 scores ranged from 4 to 12 points depending on the
domain, which they argue provide useful endpoints for clinical trials, comparative effectiveness
research and the clinical care of men with prostate cancer after treatment. %’

The field of patient reported outcomes in prostate cancer care is still evolving. Very few
PROMs are adequately validated in prostate cancer care. Dowrick et al. reviewed the
psychometric properties of 6 most commonly used PROMs found that several, including SHIM
and IPSS, have not undergone formal evaluation of their measurement properties in surgically
treated localized prostate cancer patients.®* Similarly, the Patient-Reported Outcomes
Measurement Information System (PROMIS) Sexual Interest and Satisfaction single item
measures in patient with prostate cancer has not been validated.”” Using unvalidated instruments
in routine clinical practice could contribute to measurement error, wasteful effort to more serious

patient safety issues and potentially create a false sense of success.

1.5 Prediction Models

Prostate cancer is a heterogeneous disease with a range of potential oncologic and
functional outcomes that make treatment decision-making a challenge. Effective management of
prostate cancer requires accurate prediction of potential outcomes. Several nomogrames,
probability tables, and prediction models have been developed to predict outcomes of interest
including prediction of pathological features, presence of extra-prostatic disease, lymph node
involvement, seminal vesical invasion, risks of metastases, biochemical recurrence after
definitive therapy, and disease free survival among other endpoints.’®"!%! The Partin Tables,
Kattan, Briganti, and the Memorial Sloan Kettering Cancer Center nomograms and probability

tables widely used in prostate cancer care.

1.5.1 Static Models

A vast majority of existing prostate cancer nomograms, probability tables, and prediction
models are static models lacking continuous monitoring and updating. Model performance and
validation are generally considered a one-time activity.!°>1% Prostate cancer prediction models
have traditionally relied on preoperative clinical and tumor related factors such as patient’s age,
BMI, Charlson comorbidity index, tumor stage, biopsy grade, gland volume, and PSA levels to

predict outcomes of interest.'® For instance, the Kattan nomogram predicts disease recurrence

20



post radical prostatectomy based on preoperative variables such as PSA, clinical stage and
biopsy Gleason scores.!? Similarly, the Partin tables were designed to predict pathological stage
and other endpoints based on clinical stage, serum PSA and Gleason score. % Other Partin tables
have also been developed to predict biochemical recurrence after radical prostatectomy and
radiation therapy. Partin tables remain one of the most widely used prediction tools in prostate
cancer and have gone through several revisions.”*-1?’

Similarly, the prostate cancer prediction models at the Memorial Sloan Kettering Cancer
Center (MSKCC) were originally developed to predict organ confined disease, extra-capsular
extension, lymph node involvement and seminal vesical invasion. The MSKCC models use
patient’s age, PSA level, clinical stage, biopsy Gleason score and the number and percentage of
the positive biopsy cores to build the prediction models.

Though the above discussed prediction tools have advanced the field of prediction
modeling in prostate cancer care, they are not without limitations. For example, Gandaglia et al.
have argued that clinical prediction models that are built on pre-operative variables should be
complemented by including imaging and biomarkers for better cancer staging.'®® Others have
echoed similar sentiments supporting the inclusion of multi-parametric MRI and novel
biomarkers in model development.'%-11?

Recognizing the limitations of static models that rely on preoperative clinical variables,
some prediction models have added dynamic modeling features and novel biomarkers to ensure
models remained relevant by periodical updating.!?!!! Recent prediction models have also
incorporated patient reported outcomes in addition to patient demographics, clinical and tumor
specific data.!'? In recent years, some novel biomarkers have been incorporated in existing
prediction models. For example, Kattan et al. have added molecular markers such as interleukin
6 (IL-6) with traditional clinical variables to develop nomograms that would predict BCR post
radical prostatectomy.”®!?

Another limitation of static models is the statistical approach used to develop them. The
prediction tools discussed above are typically based on classical statistical methods, including
multivariable logistic regression models or the Cox proportional hazards models, to identify
subgroups who would do better or worse on a treatment regimen.'**!!* Limitations of traditional
statistical approaches to handle time-varying predictors have been raised!'’; however, machine

learning approaches are not immune from flaws, including over-fitting among other
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limitations.!'*"!!” In response, dynamic models have incorporated more complex approaches,
including advanced regression techniques, pattern recognition, classification, decision trees and
other machine learning approaches in additional to classical regression techniques.'?® There have
also been advances in methodologies as it pertains to dynamic models, including adding more
emphasis (i.e., weight) to newer patients so they have greater influence on model coefficients
than more recent patients have a greater influence on model coefficients than the historical

cohort.!!

1.5.2 Dynamic Models

As static prediction models are not routinely updated and validated, dynamic prediction
models have been proposed to move away from one-time model development and validation,
reflecting an evolving health care environment.!?>!1® In fact, there has been a steady growth in
dynamic models in more recent years, which are designed to evolve over time as data on new
individuals become available.!'>!?! For example, Vickers et al. (2017) discussed their experience
developing dynamic models at MSKCC, describing how their static models are transitioning into
dynamic models that resemble a Netflix algorithm.!!!

Dynamic models require a continual flow of data with Electronic Health Record (EHR)
and disease registry data are well-suited for these models as opposed to epidemiological studies
or clinical trials. Prediction models based on routine clinical practice data representing the “real
world” practice are more conducive to dynamic modeling as the flow of data is uninterrupted.
Also, EHR data can provide time dependent/time variant predictors for the dynamic models to
continually update.'® Additionally, disease registry data collect information from diverse
patients and clinical settings are also useful for dynamic model development as new data from
new patients become available routinely from participating sites, hospitals, or geographic
regions. In both instances, dynamic models can incorporate time varying data from existing

patients as well as data from new patients.

1.5.3 Challenges: Dataset shift

It is known that clinical prediction models deteriorate over time for a variety of reasons

including changes in technology, data structures, practice patterns, and patient population etc.
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that occur in routine clinical care.'??!?} Various terminologies have been used to describe these
changes including concept shift, concept drift, covariate shift, data fracture and dataset shift.!>*
The said terms have been used inconsistently to describe the causes and/or the reasons for the
deterioration in the performance of prediction models. For instance, different terms are often
used to define the same problem, or the same terms are used to describe different problems.'?*
Responding to the lack of consistency in terminologies and definitions, Moreno-Torres et al.
provided a unifying framework and offered a standard term, dataset shift, to refer to the changes
in underlying data.'?* Dataset shift is a general term given to describe the phenomenon when the
data available at model development are not representative of the data on which the models are
tested or deployed.'?® More specifically, Moreno-Torres et al. have defined dataset shift as a
phenomenon that appears when training and test joint distributions are different.!* There are
several reasons for the differences in the joint distributions with sample selection bias and non-
stationary environments being two primary reasons. Both of these concepts relate to changes in
the distribution of underlying data. Sample selection bias relates to the introduction of bias in the
selection of the training set. Selection biases in training set may cause dataset shift when applied
in different testing environments. Non-stationary environments contribute to dataset shift when
physical or temporal differences between training and test data sources occur.'?* Calibration drift
is term used to describe the deterioration in model calibration as a result of temporal changes in
underlying data. Temporal changes in clinical practice could silently alter the performance of
prediction models, specifically impacting model calibration. This phenomenon is called
calibration drift, a consequence of deploying models in non-stationary environments where
differences arise in underlying data between the population on which a model was developed and

the population to which the model is applied.

In addition to models becoming outdated with the passage of time, the models may not
always represent the “real-world,” limiting their usefulness. Many of the prediction models in
urology were originally developed at single, high volume, tertiary care centers that may lack
representation from patients served in community-based settings. Models developed in high
volume, high acuity settings may not be ideal for low-volume, low risk settings as the models
may over-predict an outcome.!'>!2® Conversely, models developed in community-based settings
might under-predict outcomes in high volume, high acuity settings. Hence, it is important to

consider who were included (people) in model development, where (place) and when (time) were
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the models developed, and if the original models have been retrained, validated, and recalibrated

in other populations.

1.5.4 Dynamic Models and the Learning Health System

Dynamic models are well aligned with the concept of a learning health system. While
dynamic models are about continuous monitoring and updating, Jenkins et al. have argued that
continuous monitoring of model performance is inadequate.'?! The primary reason is the “data
action latency,” which is the lag between the availability of data and an appropriate action called
for by the data. Solving the data action latency requires a mechanism to transport the results of
continuous monitoring into the model to create a feedback loop for models to learn, retrain, and
provide more accurate predictions. In an LHS, a system improves by learning from new data
through cyclical process, creating new knowledge and using the knowledge to make further
improvements. An LHS provides an infrastructure for dynamic models to be operationalized,
similar to the idea of a learning prediction system envisioned by Jenkins et al. In a learning
prediction system, clinical prediction models help improve a system by learning from the data,
continually and in real time through cyclical learning loops.'?? The notion of a dynamic
prediction model aligns with the virtuous cycle described by Friedman et al. in their landmark

articles.!?”128
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Chapter 2 Dissertation Research Proposal

Problem Statement

Large clinical trials, cohort and retrospective studies have shaped our understanding of
prostate cancer treatment outcomes.'?*~13* However, progress have been incremental and often
contentious as diversity of interests, experiences, and training often lead experts to arrive at
different conclusions about the nature of the evidence. Learning which treatment leads to better
patient outcomes in prostate cancer care requires an understanding of for whom and under what
circumstances. Part of the for whom does a treatment work better question is increasingly being
answered with complex statistical and predictive modeling techniques. Machine learning and
statistical computing are accelerating how we investigate registry, clinical practice, and patient
reported outcomes data to gain new insights and strengthen the evidence base. The objective of
this dissertation is to use clinical registry and patient reported continence outcomes to assess
heterogeneity in urinary continence recovery following radical prostatectomy, characterize the
heterogeneity through prediction modeling, and assess the robustness of the findings to practice
pattern changes.

The long-term goal of this work is to support successful implementation of prediction
models developed with clinical registry and patient reported outcomes data into routine clinical
practice. The development, deployment, and adaptation of prediction models in routine urology
practices has the potential to support treatment decision-making, advance precision medicine in
prostate cancer care and improve the overall quality of care. To achieve the objective of this
dissertation, we propose to conduct a retrospective study of Michigan Urological Surgery
Improvement Collaborative (MUSIC) registry, which includes the Patient Reported Outcomes
(PRO) dataset to assess heterogeneity in continence recovery, dynamically predict continence
outcomes and evaluate how prediction model performance is affected by underlying temporal
changes in practice patterns. The overall research question this dissertation intends to answer is,

“what are the patterns of urinary continence recovery, to what extent continence recovery is
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predictable and how do changes in practice patterns affect the performance of prediction models
over time?”

To answer the overall research question, we propose the following three specific aims:

Specific Aims

Aim 1: To assess heterogeneity in the recovery of urinary function following radical
prostatectomy in a statewide collaborative. How much do surgeon and patient factors
matter? Using linear mixed-effects models, we propose to assess heterogeneity in urinary
function recovery after radical prostatectomy for patients who responded to the MUSIC PRO
surveys. Mixed-effects models are robust regression models that extend classical regression
models by considering the randomness or variability within and across patients, surgeons, and
other grouping factors simultaneously and are appropriate for longitudinal (repeated measures)
and nested (hierarchical) data. Our aim is to assess the patterns of urinary function recovery by
constructing longitudinal mixed-effects models using patient demographics and
clinicopathological characteristics and surgeon information. We will compare Expanded Prostate
Cancer Index- Composite (EPIC-26) continence scores across baseline (preoperative) and post-
operatively at months 3, 6, 12 and 24. Hypothesis: We hypothesize that there will be distinct

continence recovery patterns that differ across surgeons.

Aim 2: Dynamically predict the long-term recovery of urinary continence following radical
prostatectomy using preoperative and postoperative data. We propose to build dynamic
prediction models that estimate long-term urinary continence recovery at different postoperative
time points. Unlike static prediction models that are trained on baseline data gathered pre-
operatively, dynamic prediction models update predictions at different time points as new data
become available over the course of a patient’s survivorship. Dynamic prediction models

estimate the probability of continence over a time horizon as new data become available. Since a
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dynamic prediction model uses time-varying postoperative data, it incorporates the 3-month PRO
data and predicts outcomes at 6, 12 or 24 months post RP. Similarly, the 6 months model uses
available data up to that point and estimates outcomes at 12 or 24 months. Hypothesis: We
hypothesize that predictions made post-operatively will be increasingly accurate as compared to

preoperative predictions.

Aim 3: To assess how temporal changes in practice patterns affect the performance of
prediction models developed from disease registry data Performance issues related to
prediction models have been widely documented in urologic care, primarily nomograms and
other models predicting pathologic and other outcomes. Changes in practice patterns have shown
to affect performance of prediction models. We aim to build prediction models using MUSIC
registry and PRO data to predict patients’ likelihood of achieving continence at 3, 6, and 12
months post RP and evaluate the performance of the model trained on 2017 data across
subsequent years (2018 to 2021). By doing so, we aim to evaluate the magnitude of outdated risk
probabilities to assess if models deteriorate over time as practice patterns change. Model
deterioration has been recognized as a critical factor influencing the safety and successful
implementation of prediction models in clinical settings.!** As practice patterns change
temporally, prediction models will systematically over- or under-predict risks as new data

become available.

2.1 Specific Aim 1

To assess heterogeneity in the recovery of urinary function following radical prostatectomy
in a statewide collaborative. How much do surgeon and patient factors matter?

We intend to assess patterns of urinary function recovery by constructing longitudinal
hierarchical mixed effects models using patient demographics and clinicopathological
characteristics and surgeon information to compare EPIC-26 continence scores across
preoperative baseline and post-operatively at 3, 6, 12 and 24 months. Auffenberg et al. conducted
a retrospective study to assess patient- and surgeon-specific factors associated with urinary
outcomes 3 months post prostatectomy in MUSIC.!% Our approach differs from Auffenberg’s

approach as they dichotomized surgeons into ‘top performing’ versus ‘other MUSIC surgeons’
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and assessed outcomes accordingly. The present study aims to assess heterogeneity in continence
outcomes by building mixed-effects models to address the repeated, longitudinal, and
hierarchical nature of MUSIC PRO data.

There are several reasons for the selection of mixed-effects models for our analyses.
First, mixed-effects models are ideal for longitudinal analyses of repeated measures as PROs are
collected at multiple time points. Longitudinal analyses of continence trajectories better reflect
the recovery process than cross-sectional studies as recovery is a gradual process that occurs over
many months. Cross-sectional studies provide a useful snapshot in time but are not ideal to
model individual change over time. Further, mixed-effects models can handle uneven spacing of
PRO data well and do not require the same number of PRO responses per patient in the study.
These properties allow a patient who may have submitted PROs at months 3 and 12 but may not

submit at months 6 or 24 to be included in the study.

Second, mixed-effects models are also appropriate for hierarchical, correlated, or
clustered data as patients in this study are clustered within a surgeons and, hence, are likely to be
similar. In mixed-effects models, clustered or correlated data are handled without violating the
independence assumption. Third, mixed-effects models allow for the analyses of both fixed and
random effects. Random effects produce the average effects or estimates of patient- and surgeon-
level variability in outcomes that may be more generalizable to patients and surgeons from
participating urology practices in Michigan. Mixed effects models quantify the amount of
variability in urinary function recovery that can be attributed to patients and providers.!'3%1%7
Fourth, in mixed effects models, time can be continuous or categorical (i.e., fixed set of time
points). In our analyses, we propose to produce and compare estimates of continence recovery by
considering time both as categorical and continuous variable. These properties make mixed-
effects models flexible to analyze PRO data that are unevenly spaced repeated measures that are

multi-level, where repeated measures are clustered within patients and patients are clustered

within operating surgeons.

The mixed-effects models in this study will have 3 levels. Level 1 consists of repeated
measures of PRO data. Level 2 consists of patients who reported their outcomes after radical

prostatectomy. Level 3 consists of urologists who performed the surgeries. The overall structure
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of the models is PROs reported at multiple time points nested within patients, and patients nested

within urologists.

2.2 Methods

2.2.1 Data Source

We will use MUSIC registry data for our analyses. MUSIC maintains a registry of newly
diagnosed prostate cancer patients in Michigan. The registry consists of 90% of state’s prostate
cancer patients from 46 community, private, and academic urology practices. The registry is
established for quality improvement and collects data submitted by participating urology practices.
Trained data abstractors prospectively enter a standardized set of demographic and
clinicopathological data, including tumor characteristics, comorbidities, and treatment modalities
among other relevant information into a web-based clinical registry.!3%!3° To participate in MUSIC,
each urology practice must obtain exemption approval from their local institutional review boards,

as MUSIC efforts are intended for quality improvement.

2.2.2 Inclusion and Exclusion Criteria

Patients diagnosed with prostate cancer between 2014 and 2021 will be included in the
analyses. We will exclude any cases of previous diagnosis of prostate cancer. Other inclusion and

exclusion criteria will be determined during data analysis.

2.2.3 Data Analyses

To assess heterogeneity in continence recovery, we will first evaluate patient specific
continence recovery for 3-month, 6-month, 12-month, and 24-months using descriptive
measures. The distribution of patient specific continence recovery measures will be evaluated for
each time point during study follow-up, including assessments of mean, standard deviation,
median, and interquartile ranges. From these assessments we will be able to assess model-free or
unadjusted patterns of urinary function recovery over time. Additionally, we will assess the

nature and the degree of missing data. Patient-level graphs, such as spaghetti plots showing
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individual trajectories, will be created as initial steps towards understanding the variations in
trajectories. For provider level data, we will create quantiles based on surgeon’s annual caseload
to characterize the variations in urinary function recovery by surgeon volume. All appropriate
data cleaning steps will also be implemented at this time. After completion of descriptive
analyses, we will build models in a stepwise fashion that incorporate time trajectories. Model 1
will serve as our initial or unconditional means model, while the subsequent models will include
time and other variables as predictors to assess temporality and heterogeneity in continence

recovery.

2.2.4 Model 1: Random Intercept Only Model (Base Model)

We propose to build an intercept only model, with no predictors at any level. Patients and
surgeons will be modeled as random effects. This model allows each patient and surgeon to have
their own unique intercept, which will allow us to assess whether sufficient heterogeneity exists
within-patients to support mixed-effects models. We will obtain the grand mean of the urinary
domain scores across all patients the study. This model will serve as our base model and

performance of subsequent models can be compared against this model.

2.2.5 Model 2: Unconditional growth and fixed-effects model

The linear or unconditional growth model introduces time as a predictor, which allows us
to assess how much within patient variability in urinary function recovery can be attributed to
patients while also determining how much variability we see at different time points (i.e., at
months 3, 6, and 12). This model allows each individual patient to have a random intercept (if
deemed appropriate from Model 1), and a random slope. Time will be entered into the model as a
continuous variable to obtain one estimate of the mean slope across all measures; and, explored

as a categorical variable to evaluate non-linearity of the slope across different time points.

2.2.6 Model 3: Full Model

In the full model, we will include predictors that are known to influence continence

recovery including age, BMI, Gleason grade group, preoperative prostate specific antigen (PSA),
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clinical T-stage, nerve sparing procedure, and surgeon’s annual caseload. Similar to the

intermediate model, time will be entered into the model as categorical and continuous predictors.

In all three models, we will compute the intraclass correlation coefficient (ICC) to
estimate the proportion of variance in outcome explained by the patient and surgeon. The ICC
calculates the ratio of within-patient variance by dividing the variance of the intercept by the sum
product of the residual variance and the variance of the intercept. If the resulting ICC estimate is
low (i.e., close to zero), then it would indicate that there is little correlation of the intercept
within patients, and a fixed intercept may be a more appropriate model. If the resulting ICC
estimate is high (i.e., close to 1), then it would indicate that a large proportion of the variability
in the outcome can be attributed to the patient and allowing patients to have their own intercepts

in the model is the appropriate choice.

2.3 Specific Aim 2

Dynamically predict the long-term recovery of urinary continence following radical
prostatectomy using preoperative and postoperative data.

We propose to train random forest models to dynamically predict the probability of a
patient recovering continence at specific postoperative time periods. Predicting continence is a
challenge because it is highly affected not only by patient level factors (i.e., patient and tumor
characteristics and variations in urethral length, etc.), but also by provider level factors (i.e.,
high/low volume, high/low performing surgeons). The goal of this approach is to assess if
dynamic postoperative models perform better than static pre-operative models in estimating
continence recovery.

The dynamic models could potentially support clinicians to accurately predict patient
outcomes at different timepoints. By predicting outcomes at multiple time points, clinicians can
assess how patients realize different recovery trends, which might add to the conventional
understanding of patients who are more or less likely to recover early continence. A dynamic
model may support treatment decision making and set realistic expectations of outcomes. The

models we are proposing are appropriate for our research question and the type of outcomes that
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we describe below as the similar approaches have been used in prior studies of patient reported

outcomes in urologic care. !!1:116:140-143

2.4 Methods

2.4.1 Data Source

The Michigan Urological Surgery Improvement Collaborative (MUSIC) administers
MUSIC-PRO questionnaires to improve quality of care after radical prostatectomy (RP).
Participating urologists encourage patients to complete the questionnaires at baseline
(preoperative) and at 3, 6, 12 and 24 months. We will include patients who completed MUSIC-
PRO questionnaires between September 2016 and October 2021.

2.4.2 Study Design

Our aim is to train and validate dynamic predictive models to estimate the probability of
continence recovery. Using patient demographic, clinical and patient reported outcomes
variables, we will train our models to estimate urinary continence recovery months 3, 6, 12 and
24 months after radical prostatectomy. Studies have documented the difficulties in predicting
continence after radical prostatectomy based on demographic, tumor, and surgeon
characteristics.!” Our models are intended to assess if dynamic prediction models trained with

postoperative variables perform better than models trained with preoperative variables.

2.4.3 Cohort Construction

All patients who have undergone RP and completed MUSIC-PRO questionnaires at
baseline, 3, 6, and 12 months post RP will be included in the study. The time frame of the study
is September 2016 and October 2021. We will randomly split the cohort into derivation and
validation cohorts. The derivation (training) cohort will consist of 66% of patients who
completed MUSIC-PRO questionnaires at baseline and at 3, 6, and 12 months after
prostatectomy. The validation cohort will consist of 33% of patients who completed MUSIC-
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PRO questionnaires at baseline and other time points post RP. We will train prediction models

on the derivation set and will evaluate their performance on the validation set.

2.4.4 Inclusion and Exclusion Criteria

Patients who completed a patient reported outcomes survey at baseline (pre-operative)
and at 3, 6, or 12 months post RP will be included in the study. Patients younger than 41 years
and older than 85 years at prostatectomy will be excluded. Patients who did not complete any
post-operative MUSIC-PRO questionnaires (either 3, 6, or 12 months) but completed baseline
MUSIC-PRO (pre-operative) will also be excluded from the study.

2.4.5 Random Forest Models

We propose to build two random forest models that separately predict binary (continence)
and continuous outcome (urinary domain scores) at 3, 6 and 12 months after RP. A random
forest (RF) model can be simply understood as a collection of decision logics in tree-like
structures with leaves and nodes.*! The RF model iteratively splits data into nodes and results are
combined across trees.'> RF models use a subset of predictors in each node of each tree through
bootstrap sampling. Random forest is a versatile algorithm that can perform binary

classifications or predict continuous outcomes. *?

2.4.6 Predictors

To build our proposed models, we will use predictors that are routinely in the urology
literature, including age, BMI, clinical-T stage, PSA, prostate volume, and baseline pad use, and
continence scores. These predictors are reliable and widely used in studies that have predicted
continence post RP. We will evaluate the relative importance of predictors, including ranking
predictors by decrease in the Gini impurity index and summing the importance or influence of

each predictor across all trees.

2.4.7 Coding and Cleaning of Predictor Variables

33



We will wrangle, clean, code, and transform data according to established protocols using
“dplyr” and/or “tidyr” packages that are part of “tidyverse” in R. EPIC-26 scores will be
transformed into a scale of 0-100 with 100 being the highest possible outcome based on scoring

1.32 Prior to running our models, we will create histograms

instructions established by Wei et. a
and box and whisker plots to assess the distribution of study variables and identify outliers. We
will assess frequency distribution for categorical predictors and will avoid categorizing any

continuous variables to minimize information loss.

2.4.8 Outcomes

Our outcome is achievement of continence at 3, 6, and 12 months post RP. In the
urologic literature, complete continence is defined as 0 pads per day, social continence is defined
as 0-1 pad per day, and incontinence is defined as 2 or more pads per 24-hour period.*’ Our
outcome is clinically meaningful as patients who undergo RP experience severe loss of urinary

50,51

and sexual functions®*>" and recovery of these functions are important not only to the clinicians

but, more importantly, to the patients and caregivers.

2.4.9 Model Performance : Discrimination

We will evaluate the performance of our models in the validation cohort by assessing
model discrimination and calibration. All of our models will be evaluated on the same test set to
ensure fair comparison. We will use the area under the curve (AUC) on the receiver operating
curve (ROC), one of the widely used diagnostic tools in machine learning. Higher AUC
represents better model performance. AUC estimates the probability that a model correctly
discriminates between individuals who are with or without an event or an outcome. Hence, ROC
plots sensitivity (true positive rate) versus false positive rate (1-specifity). We will assess
AUCROC at 3, 6, and 12 months post RP by predicting continence at these time points and

comparing them with patients’ true continence based on the PROs.

2.4.10 Model Performance: Calibration
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We will use calibration plots to assess comparison between predicted values and
observed values along the diagonal line, which provides a good sense of model calibration.
Alternatively, we could assess model calibration by comparing observed versus predicted risks
by risk groups. This method is based on a study by Ahmad et al. (2018), in which they grouped

patients into deciles based on predicted risk before plotting observed versus predicted risks. '

2.5 Specific Aim 3
To assess how secular changes in practice patterns affect the performance of prediction
models developed from disease registry data

We aim to train prediction models using MUSIC-PRO data to estimate the probability of
continence recovery at 3, 6 and 12 months post radical prostatectomy. We plan to compare two
model updating strategies against a default (baseline) approach. The model built under the
baseline approach will not go through re-training while models build under the two updating
strategies will be updated annually with different combinations of cohorts. The models will be
validated in subsequent years (2018 to 2021). By doing so, we will assess if model performance
deteriorates over time as practice patterns change. Deterioration of prediction models has been
recognized as a critical factor influencing the clinical usefulness, performance, and successful
implementation of prediction models in clinical settings using EHR data.'#*!13% As practice
patterns and/or patient populations change temporally, estimates of risk probabilities based on
registry data from earlier years may over or under predict risks depending on the underlying
changes in the registry data. The objective of this analysis is to assess if models trained on

registry data deteriorate over time.

2.5.1 Deterioration of Prediction Models

Poor performance resulting from calibration issues can make predictions misleading and
often harmful.'?® Model performance deteriorates when models are applied in a novel setting or
in separate cohorts/populations. Performance may also deteriorate due to temporal changes as
models trained on older data are less likely to remain robust over time. Similarly, abrupt changes

in clinical practice, introduction of new technology or procedures, changes in reimbursement

35



policies, or changes in data collection or data definition could also deteriorate model
calibration.'** Methodologists have proposed that model calibration is not an inherent property of
a prediction tool; but is a joint property of a model and the cohort to which the model is
applied.'* Hence, if a model is “well-calibrated” in one dataset, it does not mean the model is
“well-calibrated” in another dataset, or in a different cohort or at a different time. Further,

models may also experience calibration drift, which is changes in model performance that occurs
gradually and often silently.

Calibration drift has emerged as a critical aspect of model performance in streaming data
generated from electronic health records.!** However, calibration drift in clinical registry data is
not widely explored. Using the MUSIC registry, we propose to assess calibration drift, resulting
from temporal changes in clinical registry data. We are interested in assessing how models may
systematically over or under predict risks when the underlying data environment changes. Our
intent is to characterize and estimate the magnitude of calibration drift in static registry data,
which are being used for many purposes including development of prediction models and to

assess provider performance.'® 2

2.5.2 Importance of Calibration in Prostate Cancer Prediction Models

Calibration is the measure of closeness of expected probability to the underlying
probability (observed probability) of the population and relates to the reliability of risk
predictions.!'® A model is considered well calibrated if, for every 100 patients given a prediction
of 10%, the actual number of events is close to 10 or in probabilistic terms, the observed
probability and expected probability are as close to each other as possible.!*"1*¥ Calibration is as
important as discrimination for a model to be clinically useful but it has been largely ignored in
favor of measures that assess discrimination such as sensitivity, specificity, and AUC. 46147149 Tp
prediction modeling, it is understood that discrimination analyses are most relevant for
classification tasks, whereas calibration is important for prognostic problems® with
methodologists contending that calibration is the primary requirement of a prognostic predictive

model.149’150
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2.6 Methods

Data Source: MUSIC Registry

2.6.1 Secular Trends in MUSIC Registry

Temporal changes in MUSIC registry data will be assessed using Joinpoint linear
regression, which detects statistically significant annual changes. Joinpoint regression program
software was developed by the National Cancer Institute (NCI) to detect statistically significant
changes in temporal trends in cancer surveillance research and assesses temporal trends by fitting
the simplest model to describe the trend data.!>! The user specifies the number of minimum and
maximum joinpoints starting with a straight line with 0 joinpoints and then adding more
joinpoints to determine whether multiple connecting lines better describe the trend over time by
detecting changes in trends.'>""'>’These changes are expressed as annual percentage change
(APC) which is used to compare year over year trends. We will use NCI’s Joinpoint Trend

Analysis Software (version 4.8.0.1) to perform temporal analyses.

2.6.2 Model Development

We propose to develop multiple logistic regression models trained on the MUSIC registry
data to predict continence recovery at 3, 6, and 12 months post RP in 2017 and evaluate the
performance of the 2017 model across subsequent years (2018-2021). We will assess model
discrimination and calibration for each year and statistically and graphically assess how

calibration might deteriorate over time because of temporal changes in registry data.

2.6.3 Assessing calibration across multiple years

There are no established calibration measurement statistic that is widely accepted'>* and

calibration is often assessed by testing for lack of calibration.'** We will report calibration slope
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and intercept together as summary measures to assess calibration.!>> We will also construct
calibration plots to complement summary statistics.'#’ Calibration is plotted by regressing the
expected probabilities against observed risks. In an ideal setting, the observed risks are as close
to the expected risks, resulting in a diagonal line in the plot with slope of one and intercept
zero.'26: 150 We will present summary statistics and calibration plots for every model year to

assess calibration drift.

2.6.4 Clinical Implications

With rapidly expanding disease registry data, electronic health record capabilities and the
move towards sophisticated statistical computing, it is reasonable to expect that future prostate
cancer patients would benefit from more personalized probabilistic predictions. This
advancement is likely to positively impact future patients, but the possibility of harm caused by
prediction models cannot be minimized. Simulation studies have indicated that poorly calibrated
models yield inaccurate risk prediction for patients.!*S In prostate cancer care, poorly calibrated
models may do more harm than good. Therefore, as more models are being integrated into
EHRs, updating strategies to maintain performance are becoming critical components of model
implementations.'#**!*6 From a clinical perspective, a model that has good discrimination but is
mis-calibrated would cause a myriad of potential problems that could negatively impact patient

care, clinician buy-in, contribute to higher cost, and negatively impact patient outcomes. !>’
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Chapter 3 Heterogeneity in the Recovery of Urinary Function Following Radical
Prostatectomy in a Statewide Collaborative. How Much do Surgeon and Patient Factors

Matter?

3.1 Abstract

Objective: The objective is to characterize variation in urinary function recovery post RP
in a statewide clinical quality improvement collaborative by assessing the amount of variability
explained by patients and surgeons.

Methods: Using the Expanded Prostate Cancer Index Composite -26 (EPIC-26) survey
and the prostate cancer registry data maintained by the Michigan Urological Surgery
Improvement Collaborative (MUSIC), we retrospectively assessed variability in urinary function
recovery among patients undergoing radical prostatectomy. We built longitudinal mixed-effects
models to assess post-operative outcomes at 3-, 6-, 12- and 24-months. Models included
surgeons and patients as random effects as well as demographic and oncological characteristics
as fixed effects. Primary outcome is patient-reported urinary incontinence domain score after RP.
Urinary incontinence domain score is a composite score that includes pad use and other urinary
function items that contribute to incontinence severity. We calculated the EPIC-26 urinary
continence domain scores, which range from 0-100 with higher scores reflecting better urinary
function.

Results: We identified 9,159 men who underwent RP and completed PRO surveys at
different timepoints during the study period. Mean (SD) urinary domain score at baseline was 90
(14.8), which decreased to 52 (27.4) at 3 months and increased to 67 (26.1) at 6 months.
Descriptively, when stratified by surgeon’s annualized RP volume, mean urinary continence was
higher for patients of high volume surgeons 52.1 (27.4) versus 44.1 (26.8) for low volume
surgeons. In the multivariable model, 73% of variability in continence was attributable to

patients and 6% of variability to surgeons.

39



Conclusion: Considerable variability in urinary function recovery was observed.
Variability attributed to patients was greater than the variability attributable to surgeons. In
multivariable models, surgeon’s annualized case volume did not fully explain the variability in
urinary function recovery. Quantifying variability attributable to patients and surgeons may help

to better understand the nature of urinary function recovery from patients’ perspective.

3.2 Introduction

Urinary incontinence is one of the most bothersome adverse events after radical
prostatectomy and the recovery is highly variable.!*®16? Urinary incontinence is often assessed
with a single item pad use, while urinary function is assessed with a composite score that
includes both pad use and other urinary factors that represent the spectrum of incontinence
severity.'®371% Different approaches have been used to quantify variability in incontinence and
urinary function recovery. Some studies have assessed heterogeneity in incontinence rates
between surgeons at cross-sectional time points while others have stratified surgeons by
oncologic outcomes to assess if patients of surgeons with superior oncologic outcomes also have
early continence recovery.'¢>-103167.168 Agsessing the amount of variability in continence and
urinary function recovery is important for quality measurement, value-based reimbursement, and
to improve patient outcomes over time. From a quality improvement perspective, variability
attributed to known factors, such as surgical skills and training, are actionable!®®? but an
important challenge is to reliably quantify the magnitude of variability that is attributable to
surgeons.

Wide variability in clinical and oncologic outcomes between surgeons are documented
using clinician reported outcomes!®? 14170 yith studies establishing the association between
surgeon volume (case load) and clinical and oncologic outcomes.!¢>!7°17® Higher surgeon volume
may also lead to better clinical and oncologic outcomes; however, the evidence is mixed to
support the association between surgeon volume and patient-reported urinary function outcomes.
Further, the existing studies are cross-sectional and do not adequately capture the longitudinal
nature of urinary function recovery from patients’ perspective. Though studies have shown both
surgeon and patient factors impact urinary function recovery,'®h16817LI7I80 what remain

unexplored are the amount of variability attributable to both patients and surgeons, and the
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association between surgeon volume and patient-reported urinary function outcomes using PRO
data.

Efforts to include PROs in the assessment of continence and urinary function recovery is
still in its infancy. Higher surgeon volume may also lead to better clinical and oncologic
outcomes, but studies have not conclusively established a volume-functional outcome
relationship. The primary aim is to quantify variability in urinary function recovery by
constructing longitudinal mixed-effects models compare urinary function scores preoperatively
at baseline and post-operatively at months 3, 6, 12 and 24. The secondary aim is to explore the
association between surgeon volume and urinary function recovery. We hypothesize that there
will be distinct urinary function recovery patterns that differ across surgeons and patients at

different time points.

3.3 Methods

This is a retrospective study of a prospectively maintained patient reported outcomes data
to assess variability in urinary function recovery after radical prostatectomy. The Michigan
Urological Surgery Improvement Collaborative (MUSIC) maintains a registry and administers
patient reported outcomes surveys at multiple time points. MUSIC registry captures
approximately 90% of all newly diagnosed prostate cancer cases in the state of Michigan and is
supported by abstractors who enter data in the registry by searching the Electronic Health
Records (EHRs) at their respective practices for prostate cancer cases. The patient data are
entered and updated periodically as new data become available. Abstractors are trained by
MUSIC coordinating center staff and use a standardized data entry protocol to enter cases into
MUSIC’s web-based clinical registry. Men diagnosed with prostate cancer who are considering
radical prostatectomy are asked to complete baseline PRO survey which includes items from the
Expanded Prostate Cancer Index Composite — Short Form (EPIC-26).8” Briefly, EPIC-26 is a
validated instrument that collects outcomes directly from men who underwent prostate cancer
treatment. The study population described below includes newly diagnosed patients from
MUSIC affiliated practices who underwent radical prostatectomy and completed the EPIC-26

survey.
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3.3.1 Study Population

To assess the heterogeneity in continence outcomes, we identified men with newly
diagnosed prostate cancer from January 2014 to October 2021, who underwent radical
prostatectomy and responded to at least one PRO survey. Men who did not complete any PRO
questionnaires and men who were previously diagnosed with prostate cancer were excluded.
Similarly, men who were on active surveillance, watchful waiting, or received non-surgical

treatments were not included.

3.3.2 Study Variables

Outcome variable: The primary outcome is patient-reported urinary function domain
score following radical prostatectomy based on the responses from the EPIC-26 survey. Ordinal
level responses to the five EPIC-26 urinary domain questions were transformed into a composite

score between 0 to 100 with higher scores indicating better urinary function. 3’

Independent variables: The independent variables included baseline urinary continence
score, patient age at diagnosis, pre-operative BMI (kg/m?), Charlson comorbidity index, prostate
specific antigen (PSA) test, Gleason grade group, clinical T-stage, and the highest percentage
cancer involvement on a positive core. Surgeon characteristics included surgeon’s annualized
radical prostatectomy volume, calculated as the ratio between total number of prostatectomies
performed by a surgeon over a duration, expressed in years; and whether bilateral nerve sparing
technique was involved. Nerve sparing was dichotomized into bilateral versus none with partial

nerve spare considered as an incomplete nerve sparing procedure.

3.3.3 Statistical Analysis

We assessed the distribution of patient level factors by comparing clinical, demographic,
and oncological characteristics of patients who underwent radical prostatectomy . We examined

urinary domain scores at baseline and at 3, 6, 12 and 24 months post-surgery stratified by
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surgeon’s annualized radical prostatectomy volume. Using the Ime4 package in R statistical
software (R Consortium, Vienna, Austria), we built multiple mixed effects models to assess
longitudinal patient reported outcomes .'3:!%2 Consistent with the terminology of mixed-effect
modeling, longitudinal measures of urinary continence were nested within individual patients to
account for non-independence in repeated measures.!®> Time-invariant patient characteristics
(assessed pre-operatively at baseline) were included as patient-level variables. Individual patients
were nested within their respective operating urologist. Conceptually, the overall structure of the
models can be summarized as repeated measures of continence nested within patients who were
nested within urologists. By nesting repeated measures within patients and patients within
surgeons, we sought to understand the degree to which measures were correlated within patients
and surgeons. Patient characteristics, baseline continence score, and surgeon’s annualized radical
prostatectomy volume were included as fixed effects.

To assess the variance in continence outcomes, we fit 3 mixed-effects models'®® with
post-surgical urinary continence as the outcome. The base (null) model included both patients
and surgeons as random effects without independent variables allowing the null model to
quantify urinary function recovery across all time points. The null model served as the
unconditional means model that assesses the between-patient and surgeon variability in urinary
function recovery. The intermediate model included time (6-,12-, 24-months), modeled as a
categorical predictor. In the final model, we assessed the changes in variability as we introduced
predictors such as patient age, BMI, Charlson comorbidity index and tumor characteristics, and
baseline continence score in the fixed-effect structure, while keeping categorical time as a
predictor and the random-effects structure consistent for comparison purposes. For each of the
models, we calculated the proportion of the total explained variability at the patient and surgeon
levels and assessed how variability at the patient- and surgeon-levels changed with the addition
of predictors as fixed effects. We conducted likelihood ratio tests, which assesses the difference
in two models using the Chi square distribution to evaluate their significance in explaining the
total variability in continence outcomes. The significance of specific predictors was assessed
using point estimates and 95% confidence intervals. Numeric variables were centered and scaled,

and model diagnostic tests were performed to assess if any model assumptions were violated.
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3.3.4 Treatment of Missing Data

Prior to constructing the mixed-effects models, we assessed the extent of missing data at multiple
time points. As the mixed-effects models effectively handle data missing at random'®*, we
included all patients who completed at least one PRO survey. However, as complex mixed-
effects models often fail to converge, we built the models with a subset of the dataset after
removing patients with missing covariates. We conducted sensitivity analyses to assess the
robustness of the findings using the full-data set (which included missing data) and a subsequent

dataset with imputed data.

3.4 Results

We identified 9,159 men who underwent radical prostatectomy and completed EPIC-26
surveys at multiple time points from 2015 to 2020. Survey completion rates at baseline, 3, 6, 12
and 24 months were 78.2%, 68.3%, 61.3%, 56.2% and 41% respectively. Table 1 summarizes
the clinical and demographic characteristics of the study cohort. Briefly, the median age at
diagnosis was 64 years (IQR 58, 68). Seventy-six percent of men self-identified as non-Hispanic
White and 11% self-identified as Black. Eighty-nine percent of men had 1 or less comorbidity
while 10% had 2-3 comorbidities. Median BMI was 28kg/m? (IQR 26-32). Similarly, 45%
(n=4106) of newly diagnosed men had grade group 2 disease while 22% (n=2006) had grade
group 3 disease. Seventy four percent of patients had T1 disease while 12% had T2a and 13%
with greater than T2a disease. Sixty eight percent of men undergoing RP had bilateral nerve

sparing procedure (Table 1).

Mean urinary continence at baseline was 90 (SD 14.8) on a 0 to 100 scale. Mean urinary
continence score decreased to 52 (SD 27.4) at 3 months post-surgery and subsequently increased
to 67 (SD 26.1) at 6 months; and 72.3 (SD 24.8) and 73.5 (SD 24.2) at months 12 and 24,
respectively. When stratified by surgeon’s annualized radical prostatectomy volume, mean
urinary domain score at baseline was similar for all 4 strata (Table 2). Mean urinary domain
score at 3 months was higher for patients associated with high volume surgeons (52.1, SD 27.4)
versus 44.1 (SD 26.8) for low volume surgeons. The absolute difference in scores between high

and low volume surgeons persisted across all subsequent time points. On average, patients
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operated on by high volume surgeons recovered 83% of their baseline function while patients
operated on by low volume surgeons recovered 70% of their baseline function by 24 months

after surgery (Table 2).

The analytic cohort created for the mixed-effects model consisted of 6,025 men
(Supplementary Figurel). The base model shows the mean urinary continence score with an
intercept of 60.95 (CI 59.33 — 62.56) across all time points post-surgery. The overall intraclass
correlation coefficient (ICC) in the base model indicates that 57% of variance was attributed to
patients and 6% attributed to surgeons (Table 3). The intermediate model shows the mean
urinary continence score at month 3 with an intercept of 48.88 (CI147.26 — 50.49); when time as
a categorical variable is added to the model while keeping the random effects structure
consistent. Mean urinary continence score increases by 14.95 units to 63.83 at 6 months, further
increasing to 69.23 at 12 months and 70.3 at 24 months. In this model, variability attributed to
patients and surgeons was 69% and 7% respectively. The final model produced slightly higher
estimates at different time points with the mean urinary continence score at month 3 at 56.53 (CI
53.39 — 59.67). The variability attributed to patients declined to 66% while the variability
attributed to surgeons remained steady at 7% as we introduced additional predictors in the final
model. Additions of age, BMI, Charlson comorbidity index, Grade Group, and clinical T-stage
decreased the mean continence scores by -3.13, -1.70, -1.44, -1.81 and -0.41 units, respectively.
However, the addition of baseline urinary continence score, the surgeon’s annualized radical
prostatectomy volume, and whether a bilateral nerve-sparing procedure was performed increased

the mean continence by 5.03, 3.18 and 1.22 units, respectively.

3.5 Discussion

We quantified variability attributable to both patients and surgeons using longitudinal
patient reported outcomes data. We found that 66% of variability in urinary function recovery
was attributable to patients with only 7% of variability attributable to surgeons in the three
models. We observed that advancing age, increased BMI, and Charlson comorbidity index were
negatively associated with urinary function recovery while increasing time since surgery,

surgeon’s radical prostatectomy volume, surgical technique (e.g., bilateral nerve-sparing) and
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baseline pre-operative continence scores were positively associated with urinary function

recovery.

Variability in continence outcome is well documented in urologic literature 132162165 pyt

the variability attributed to surgeons and patients based on PROs is not widely explored.'** Cross
sectional single surgeon series or high-volume institutional studies have assessed rates of post-
surgical incontinence at varying time points — focusing on either early or late recovery but few
studies assess the unique recovery trajectory.!’>!®> A strength of the present study is the
assessment of longitudinal variability in functional recovery across the patient population from
diverse practices in a large prostate cancer registry. The present study advances our
understanding of variability attributable to patients and surgeons based on routine clinical
practice data in several ways. First, few studies incorporate patient reported outcomes to assess
continence and urinary function recovery, and of those that use PROs, very few demonstrate the
volume-outcome association in post radical prostatectomy continence recovery.!’>!1"186 [n fact, a
recent high-volume center study of 3,945 patients from 2008-2019 showed no measurable
improvement in urinary function outcomes post RP, where 80% of cases were performed by
experienced surgeons.'®® Second, there is a lack of understanding of what contributes to
variability in outcomes. Indeed, it is unknown if variability is attributed to modifiable or
unmodifiable patient factors, modifiable surgeon factors or other sources of variability that are
not well understood. We have attempted to identify and quantify the sources of variability. Using
the same dataset, Auffenberg et al. demonstrated wide variations in reporting of good urinary
function at 3 months post-surgery.'®® We built on this finding to assess the variability in urinary
function recovery that can be attributed to patients and surgeons given the heterogeneity in long

term recovery.

Putting our findings in context against the well-established volume-outcome association
is important. Surgeon experience and hospital volume have been shown to reduce adverse
outcomes including positive surgical margins, post-operative infections, 30-day readmission,
need for adjuvant and salvage therapies, and mortality.!”%!7>187188 Qur analyses point to greater
variability attributable to patients. Given these findings, one might ask, “why do two patients
operated on by the same surgeon using similar surgical techniques have different functional

outcomes?” Part of the answer is that there are two sides to assessing outcomes. The technical
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surgical side, of which the surgeon has control over, measures how well the surgery was
performed. The patient side, of which the surgeon has less control over, measures how well the
patient is recovering over time based on patient generated reports. Superior surgical skills are
critical to continence recovery!’® but our analyses suggest that patient factors contribute more in

this context based on the attributable variability that we observed.

There are several limitations to this study. First, this is an observation study of a state-
based disease registry, and the results may not be generalizable to other environments. Second,
the present study assesses variability in outcomes based on patient reported outcomes. It is
important to recognize, despite being an important endpoint, and EPIC-26 being a validated
instrument, some subjectiveness in capturing recovery may be involved. PROs capture patient
perspectives and perception of recovery, which are different from biological or clinical factors,
and PROs may not be able to capture the entirety of continence and urinary function recovery
due to measurement errors or imprecise interpretation of continence. For example, pad weight
testing is recognized as a more objective measurement of incontinence, lack of pad testing is an
important limitation to this study. Third, factors including membranous urethral length and other
anatomic features are known to impact continence recovery post prostatectomy.!!® Lack of
anatomical data and other unmeasured confounders that could potentially impact early urinary
function recovery is a limitation of our study. Fourth, only surgeon volume and nerve sparing
procedures were available to be included in the study to account for surgeon effects. We were
not able to assess surgical training and experience. Despite these limitations, this study is one of
the first to quantify the variability in urinary function recovery and assess variability explained

by patient- and surgeon-level factors.

3.6 Conclusion

The present study broadens our understanding of variability in urinary function recovery
associated with patients and surgeons. We observed wide variability in urinary function recovery
explained by both patient and surgeon level factors. Variability explained by patient-level factors
was greater than surgeon-level factors. Surgeon’s annual case volume did not fully explain the
variability observed in our models. Efforts to include PROs in the assessment of urinary function

recovery is still in its infancy. It is established that higher surgeon volume leads to better
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oncologic outcomes. Higher surgeon volume may also lead to better patient functional outcomes
though our results did not show a strong association between volume and urinary function
recovery. Quantifying variability attributable to patients and surgeons may help to better
understand the nature of urinary function recovery from patients’ perspective. It may also lead to
quality improvement opportunities and support treatment decision-making process by setting
realistic expectations of early urinary function recovery while counseling candidates for radical

prostatectomy.
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Table 1. Clinical and Demographic Characteristics of Study Sample

Characteristic Median (IQR) or No. (%)
Age, median (IQR), y 64 (58 — 68)
BMI, median (IQR) 28 (26 —32)
Charlson Comorbidity Index, N(%)

0-1 8190 (89.4)

2-3 899 (9.8)

3+ 66 (0.7)
Race
Black 1002 (10.9)
White 6991 (76.3)
Other 210 (2.3)
Unknown 956 (10.5)
Gleason Grade Group
1 1461 (16.0)
2 4106 (44.8)
3 2006 (21.9)
4 876 (9.6)
5 627 (6.8)
Missing 83 (0.9)
Clinical stage
T1 6849 (74.8)
T2a 1095 (12.0)
>T2a 1189 (13.0)
Missing 26 (0.3)
Nerve Sparing
No 2968 (32.4)
Bilateral 6191 (67.6)
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Table 2. Urinary Domain Scores Stratified by Surgeon Volume

Mid Low Mid High
Low Volume Volume Volume Volume Overall
Quartile 1 Quartile 2 Quartile 3 Quartile 4 (N=127)
(n=32) (n=32) (n=31) (n=32)
Total Patients
368 789 2007 5990 9159
N)
Baseline
Mean (SD) 89.0 (16.2) 88.2 (17.0) 89.8 (14.2) 89.8 (14.6) 89.6 (14.8)
Missing 106 (28.8%) 183 (23.2%) 512 (25.5%) 1196 (20.0%) 1999 (21.8%)
Month 3
Mean (SD) 44.1 (26.8) 46.9 (26.5) 51.7 (27.4) 53.2(27.4) 52.1(27.4)
Missing 163 (44.3%) 285 (36.1%) 684 (34.1%) 1771 (29.6%) 2904 (31.7%)
Month 6
Mean (SD) 58.9 (26.9) 62.3 (27.4) 65.9 (26.1) 67.7 (25.7) 66.6 (26.1)
Missing 180 (48.9%) 334 (42.3%) 809 (40.3%) 2222 (37.1%) 3547 (38.7%)
Month 12
Mean (SD) 64.7 (27.2) 68.6 (26.3) 71.8 (24.8) 73.1 (24.4) 72.3 (24.8)
Missing 218 (59.2%) 397 (50.3%) 920 (45.8%) 2474 (41.3%) 4010 (43.8%)
Month 24
Mean (SD) 62.9 (28.2) 71.2 (25.5) 71.9 (24.4) 74.7 (23.7) 73.5(24.2)
Missing 250 (67.9%) 534 (67.7%) 1221 (60.8%) 3391 (56.6%) 5400 (59.0%)
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Table 3. Variability in Urinary Domain Scores After Radical Prostatectomy in MUSIC

Base Model Intermediate Model Full Model

Predictors Estimates Cl Estimates Cl Estimates Cl
Fixed effects
Intercept 60.95 59.33-62.56 48.88 47.26 — 50.49 56.53  53.39-59.67
Mo. 6 Urinary Function 14.95 14.41-15.49 15.04 14.43-15.50
Mo. 12 Urinary Function 20.35 19.79 — 20.91 20.37  19.77-20.91
Mo. 24 Urinary Function 21.32 20.70-21.93 21.34  20.60-—22.04
Age at Prostatectomy -3.13 -3.60 —-2.43
Body Mass Index -1.70 -2.30--1.17
Charlson Comorbidity Index -1.44 -2.09--0.74
Baseline Urinary Function 5.03 4.62-5.79
Surgeon Volume 3.18 0.78 — 5.62
Nerve Sparing (Bilateral vs. None) 1.22 -0.32-2.50
Gleason Grade Group -1.81 -2.31--1.19
Prostate Specific Antigen -0.29 -0.88 -0.31
Clinical T-stage -0.41 -0.89 - 0.08
Random
effects
Residual o2 268.59 164.80 164.85
Patient Intercept Too 419.31 453.17 403.03
Surgeon Intercept Tio 46.68 45.05 41.02
ICC (Patients) o1 0.57 0.69 0.66
ICC (Surgeons) i 0.06 0.07 0.07
Patients (n) 6025 6025 6025
Surgeons (n) 118 118 118
Observations 16955 16955 16955
Marginal R? 0.00 0.105 0.18
Conditional R? 0.63 0.78 0.78

ICC: Intraclass correlation coefficient; R2: Coefficient of determination ; Marginal R2: Variance explained by only the fixed-effects structure
Conditional R2: Variance explained by both the fixed and random effects structures
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Figure 3. Effect ranges based on model outputs from the full model.

Random Effect Ranges for Urinary Domain Scores by Patients and Surgeons

patientid

surgeon_id

Urinary Domain Score Effect Range

fdaaiagu))

Group

Panel on left shows deviations from the overall mean urinary domain scores for patients in
MUSIC registry. Panel on right shows deviations from the overall mean urinary domain scores

for surgeons in MUSIC registry.
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Figure 4. Consort Diagram of the Study Cohort

Radical Prostatectomies
(n=17,255)
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* BMI (n=90)
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* PSA (n=6)

» Grade Group (n=83)

« Positive Cores (n=36)

» Charlson Score (n=4)

* Clinical T-stage (n=26)

» Surgeon Volume (n=5)

Included in multi-level models
(n=6,858, 75%)
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Chapter 4 Dynamically Predict the Long-term Recovery of Urinary Continence Following

Radical Prostatectomy Using Preoperative and Postoperative Data

4.1 Abstract

Objective: To predict long-term recovery of urinary continence after radical
prostatectomy using clinical and patient reported outcomes data.

Methods: Using pre- and postoperative clinical and patient reported outcomes data from
the Michigan Urological Surgery Improvement Collaborative (MUSIC), we trained and validated
dynamic prediction models to estimate the probability of achieving continence at multiple
postoperative time points. We trained two random forest models that predicted urinary
continence outcomes at 3-, 6-, 12- and 24-months after radical prostatectomy. Primary outcomes
were patient reported urinary domain scores and pad use. Pad use was dichotomized as 0 pad
(continent) per day vs 1 or more pads (incontinent) per day. Urinary domain scores > =74 was
considered as good urinary function. Men who underwent radical prostatectomies between
September 2016 and October 2021 and completed patient reported outcomes survey were
included in the study.

Results: Preoperative model with clinical and baseline urinary function information
performed poorly predicting both urinary domain scores and pad use at 3 months with an AUC
of 0.75 and 0.59, respectively. Preoperative model predicted both outcomes at 6 months with an
AUC 0f 0.70 and 0.60. As the prediction window increased, predictive performance declined for
the preoperative model. In contrast, the postoperative model performed better with the addition
of patient reported outcomes data. The postoperative 3-month model predicting outcomes at 6
months and the 6-month model predicting urinary domain scores at 12 months performed better
with an AUC of 0.86 and 0.88, respectively. Similarly, the 3-month model predicting pad use at
6-moth performed well with an AUC of 0.92 and the 6-month model predicting pad use at 12-
month performed modestly better with an AUC of 0.93.
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Conclusion: Setting realistic expectations of urinary function recovery is an important
aspect of patient counseling and shared decision-making. Updating expectations throughout the
recovery period is a challenge as prediction tools in prostate cancer care have traditionally used
pre-operatively available information to predict postoperative outcomes. Integrating patient
reported outcomes to predict long-term recovery of urinary continence after radical
prostatectomy improves predictions, thereby supporting patient counseling and setting realistic

expectations of urinary continence recovery.

4.2 Introduction

Men considering radical prostatectomy (RP) after a prostate cancer diagnosis face a
spectrum of potential functional and oncological outcomes. Functional recovery after RP varies
based on factors including a patient’s anatomy, tumor biology, clinical and demographic
characteristics, as well as the surgeon’s skill and surgical technique.'!™ Risk prediction models
estimate functional recovery after radical prostatectomy,’”’ but are typically designed to support
treatment planning using preoperative data, thereby missing an opportunity to incorporate post-
treatment quality of life information to support personalized survivorship care.’”

One of the most difficult challenges is setting realistic expectations of functional recovery
and updating those expectations throughout the recovery period. Models that use preoperative
variables to estimate post-operative outcomes often do not perform well.!! For patients who do
not experience early recovery of continence after radical prostatectomy, the focus shifts to what
degree of recovery remains possible. Thus, preoperative predictions should be updated during the
postoperative period as new information becomes available. By adding new information, the
postoperative models may better characterize the trajectory of patients’ recovery based on the
extent of recovery that has already occurred.®!!

In this chapter, we develop and validate prediction models to estimate the probability of
achieving continence at 3-, 6-, 12-, and 24-months after RP by incorporating longitudinal data to
predict outcomes at multiple time points.®!%"!2 The models allow for the use of either pre- or
post-operative demographic, clinical, tumor, and patient reported outcomes (PRO) data. We
hypothesize that predictions made post-operatively will be increasingly accurate as compared to

preoperative predictions. In patients who recover faster or slower than initially expected, post-
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operative predictions may be used to reassure patients, to reset their expectations, or to

recommend rehabilitative or surgical interventions.

4.3 Methods

4.3.1 Data Sources

The Michigan Urological Surgery Improvement Collaborative (MUSIC) is a physician-
led urologic quality improvement collaborative that maintains a prospectively updated registry
that collects clinical, demographic and patient reported outcomes data from men diagnosed with
prostate cancer. Trained abstractors review electronic health records at their respective urology
practices and periodically submit diagnosis-related data to MUSIC. Men diagnosed with prostate
cancer are encouraged to complete the Expanded Prostate Cancer Index Composite-26 (EPIC-
26) PRO survey preoperatively and post-operatively at 3-, 6-, 12- and 24-months. We used both
the abstracted clinical data from the MUSIC registry and the EPIC-26 data that is part of the
MUSIC-PRO program. All newly diagnosed prostate cancer patients who underwent RP and
completed EPIC-26 surveys at baseline, 3-, 6-, 12-, and 24-months post RP were included in the
study. Participating MUSIC practices obtained approval or exemption from their respective

institutional review boards to participate in a statewide quality improvement collaborative.

4.3.2 Study Cohort

Derivation and Validation Cohorts:

We included men in the MUSIC registry who were diagnosed with prostate cancer and
had radical prostatectomy performed between September 2016 and October 2021. We randomly
split newly diagnosed men who completed EPIC-26 surveys at baseline and at any post-RP time
points into derivation (66%) and validation (33%) cohorts. The split was stratified by surgeons
with each surgeon appearing in both cohorts; however, each patient was only included in either
cohort. Men who did not complete any postoperative EPIC-26 surveys (either 3-, 6-, 12- or 24-

months) but completed only the baseline survey were excluded from the study.

4.3.3 Outcomes
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Our primary outcomes of interest were urinary continence at four post-operative
timepoints (i.e., 3-, 6-, 12-, and 24-months), defined in two ways: (a) Urinary incontinence
domain scores calculated as a composite score ranging from 0-100 in EPIC-26, with higher
numbers reflecting better self-reported urinary function and a score of >=74 clinically considered

as good urinary function,'>!4

and (b) Pad use; based on patient responses to the EPIC-26 item
that asks for the number of pads or adult diapers used to control leakage during the past 4 weeks.
Responses were dichotomized into 0 pads per day (continent) versus 1 or more pads per day
(incontinent). We assessed the performance of the models to predict urinary domain scores and

pad use outcomes at each time point after radical prostatectomy.

4.3.4 Predictors

Time-invariant predictors, or those that did not change over time, included age at radical
prostatectomy, BMI, clinical T-stage, preoperative PSA, Gleason grade group, nerve sparing
status and prostate gland volume. Time-varying predictors, or those that changed over time,
included EPIC-26 urinary domain score and pad use status, which were collected preoperatively

and at time points 3-, 6-, and 12-months after surgery.

4.3.5 Model Development

In the absence of missing data, each patient contributed up to four observations to the
model development process: preoperative data to predict 3-month outcomes, 3-month data to
predict 6-month outcomes, 6-month data to predict 12-month outcomes, and 12-month data to
predict 24-month outcomes. Using the time-varying and time-invariant variables, we trained
models to predict urinary continence recovery at four time points. Because a single model is used
to generate predictions pre- and post-operatively at multiple time points, we refer to this as a
dynamic model.

We built two dynamic random forest (RF) prediction models; one to predict urinary
domain score (continuous) and the other to predict pad use after surgery (dichotomous). The
Random forests, initially proposed by Brieman'®’, are ensembles of decision trees that are trained
following a 2-step process. The first step is a process called bagging, which builds a set of

decision trees on bootstrapped samples and aggregates the results from the different samples. '
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The second step involves implementing randomness of feature selection, which ensures that no
one predictor has an outsized dominance on the classification by forcing each split to consider
only a subset of predictors and can only use one of those predictors at each split.!”!,!°> The RF
models extend many benefits. First, RF models are flexible and can handle both classification
and regression problems. Variable importance is easier to assess in RF models. Since they use a
random subset of decision trees to generate predictions, they reduce but not completely eliminate
the risk of over-fitting. Despite these benefits, RF models have some key drawbacks. In noisy
datasets, RF models could split nodes along less meaningful data and could produce inaccurate
or overfitted predictions. RF models may also be slow to run on large data sets and are often
difficult to interpret.

We trained the two RF models (i.e., one for each outcome) on the derivation set and
evaluated the performance on the validation set. The first RF model was trained to predict EPIC-
26 urinary continence domain scores at 3-, 6-, 12-, and 24-months post RP. Each model included
both time-invariant data and time-varying urinary function outcomes data. Using the same
modeling strategy, the second random forest model was built to predict pad use at 3-, 6-, 12-, and

24-months post RP.

4.3.6 Model Performance

We evaluated the performance of our models in the validation cohort by assessing model
discrimination and calibration.

Urinary Domain Score Prediction: EPIC-26 urinary continence domain score was evaluated
based on the Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) scores and
increasing AUC scores for urinary domain scores. We considered good urinary function to mean
that EPIC-26 urinary domain scores were 74 and higher based on previous work.!>!¢ We used
calibration plots to compare between predicted values against observed values.'?

Pad Use Prediction: We used the area under the receiver operating characteristic curve
(AUC) to assess the discrimination of our model predicting pad use status. We assessed the
AUCs at 3-,6-, 12-, and 24-months post RP. We considered men to be continent if they reported

using 0 pads per day in the past 4 weeks based on definitions. This is a more restrictive definition
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than prior studies. We opted for a stricter definition because studies have shown considerable

decrease in quality of life between 0 pads versus one or less pads per day definition.!*?

4.3.7 Missing Data

In the ~20 implementation of random forests, missing values are assumed to carry
valuable information.?’ The algorithm treats missing values as a separate category that can go
either left or right during tree building stages, similar to how any other categorical values are

handled during the splitting process.

4.3.8 Software

All analyses were conducted in R 4.1.2 (R Foundation, Vienna, Austria). Data were
prepared using the tidymodels package and models were fit directly in 420, an open-source,
machine learning and predictive analytics platform using the 220 R package. Model performance

was visualized using the runway package.

4.4 Results

4.4.1 Population Characteristics

We identified 4,943 men who completed at least one EPIC-26 survey with at least 4
responses to the urinary domain questions, which was required for the calculation of urinary
domain scores. Of these, 3,295 were randomly assigned to the derivation cohort and 1,648 were
assigned to the validation cohort. The derivation cohort included 3,280 (3-month), 2,519 (6-
month), 2,199 (12-month) and 1,657 (24-month) men, where the time refers to the number of
months post-RP. The validation cohort included 1,638 (3-month), 1,267 (6-month), 1,114 (12-
month) and 860 (24-month) men. Detailed characteristics of men who completed the EPIC-26
surveys are presented in Table 1. Characteristics of men stratified by pad use outcome at months
3 and 12 are presented in Tables 2a and 2b, respectively. Briefly, men who remained incontinent
were older, with a median age of 66 (IQR 61,70, p <0.001) as compared to those who were

continent, who had a median age of 63 (58,67). Incontinent men had higher gland volume of 38
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mL (IQR 29, 50) vs 35 mL (IQR 27, 47, p <0.001). Greater proportion of men who were
incontinent at 3 month had incomplete or no nerve sparing 43% vs 36% (p <0.001).
Additionally, men who remained incontinent at month 3 had greater proportions of grade group
3, 4 and 5 disease (Table 2a). These differences in grade group diseases between incontinent and

continent men were also seen at 12 month (Table 2b).

4.4.2 Prevalence of Outcomes

EPIC-26 urinary domain score. At baseline, the median EPIC-26 urinary domain score
was 100 (IQR 86,100). Post-operative median domain scores ranged from 52 (IQR 31,71) at 3
months; 67 (IQR 46,92) at 6 months; 79 (IQR 54,100) at 12 months; and 79 (IQR 59,100) at 24
months. Similarly, 85.5% (n=3,444) of men had a good urinary domain score defined by a score
of >74 at baseline, 20% of men had good urinary function at 3 months, which subsequently
increased to 41% at 6 months, 53% at 12 months and 54% at 24 months.

Pad use. Ninety-eight percent (n=3,954) of men were pad-free at baseline in the overall
cohort. At 3 months, 73% (n=3,577) of men required one or more pads per day (incontinent). Pad
use decreased to 50% (n=1,888) at month 6, with further decline 37% (n=1,210) at month 12;
and plateaued at 31% (n=789) through month 24 in the combined derivation and validation

cohorts.

4.4.3 Model Performance in the Validation Cohort

EPIC-26 urinary domain scores.

Baseline Model: The baseline model with preoperative variables predicted urinary
domain score at 3 months with a root mean squared error (RMSE) of 29.13, mean absolute error
(MAE) of 23.87, and the area under the curve (AUC) of 0.62 (Table 3). RMSE and MAE
decreased while AUC increased to 0.64 for the baseline model predicting urinary domain scores
for 6-months. Slight increases in RMSE and MAE values were observed for the baseline model
predicting outcomes at more distal time points of 12- and 24-months, while AUC decreased to

0.62 reflecting poor performance of the baseline model (Table 3).
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Post-operative model: Models that incorporated post-operative data and predicted
outcomes at proximal time points [i.e., month 3 model predicting outcomes at month 6 (RMSE
16.60; MAE 13.22; AUC 0.88) and month 6 model predicting outcomes at month 12 (RMSE;
16.67 and MAE; 12.69; AUC 0.86)] performed better than baseline models or models that
predicted outcomes at distal time points. The 12 month model predicting 24 urinary domain
scores performed the best (RMSE of 16.01; MAE 12.24; AUC 0.87).

Pad Use

Our baseline model predicted pad use with an AUC of 0.62 at 3-months; 0.63 at 6
months; 0.60 at 12 months; and 0.63 at 24 months post RP. Prediction of pad use also improved
with the addition of post-operative data, including pad use at previous time points. For example,
the 3-month model predicting pad use at 6-month performed well with an AUC of 0.89.
Similarly, the 12-month model predicting pad use at 24-month performed well with an AUC of
0.92 while the baseline model predicting 12-month outcomes performed the worst with an AUC
of 0.60. The post-operative models performed slightly better for pad use prediction at more
proximal outcomes except for the baseline models.

We assessed model calibration by plotting predicted versus observed EPIC-26 urinary
domain scores and predicted vs observed pad-use at 3-, 6-, 12- and 24-months. Calibration plots
show the model predicting urinary domain score overestimates risk at month 3 and under-
estimates at 6, 12 and 24 months (Figure 1). The model predicting pad use also over-estimates

risk at month 3 and underestimates at month 6, 12, and 24.

4.4.4 Sensitivity Analyses

We conducted sensitivity analyses for both outcomes by adding surgeon’s annualized
surgical volume and whether bilateral nerve sparing was performed as predictors. Addition of
surgical volume did not improve model performance at months 3, 6, 12 or 24. The RMSE and
MAE values were 17.90 and 14.85 respectively for the baseline model predicting 3-month
outcome and with an AUC of 0.75 for good urinary function. For the 3-month model predicting 6
month outcomes, the RMSE and MAE were 14.19 and 11.28 respectively with an AUC of 0.89
for good urinary function, virtually no change in model performance from the original model

(Table 8). Addition of both nerve sparing and surgeon volume did not improve model
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performance. RMSE, MAE and AUC values remained unchanged for baseline and post-
operative models indicating the addition of nerve sparing information did not improve model
performance. When all predictors including nerve sparing and surgeon volume were added,
model performance improved slightly (AUC 0.76 vs. 0.75 in the original model) for baseline
model predicting outcomes at 3 and 6 months (AUC 0.71 vs 0.70 in the original model)

respectively.

4.5 Discussion

In this study, we trained dynamic models to predict urinary domain scores and pad use
among patients undergoing RP. Our models incorporating post-operative data in addition to the
preoperatively available data performed better than models trained only on preoperative data;
model performance improved with the addition of new data. We also found that post-operative
models that predict short-term outcomes provide more precise estimates of urinary function
recovery as compared to long-term outcomes. In comparison to the post-operative models, the
preoperative baseline models performed poorly in all instances. Long-term pad use prediction
improved with the availability of post-operative data, with the best estimates of 24-month pad
use arising from models that incorporate predictors from 12 months.

Our results are consistent with previous findings that have used post-operative data.
Beyond continence recovery, dynamic models incorporating pre- and post-treatment data have
shown to improve performance of models predicting sexual function recovery and oncologic
outcomes.??**% Finelli et al. found that dynamic prediction models had better performance
predicting radiographic progression free survival (PFS) when using longitudinal PSA data in
metastatic castration resistant prostate cancer setting.?? Similarly, Agochukwu-Mmonu et al.
found that the inclusion of post RP data improved the performance of multivariate models
predicting sexual function recovery in men undergoing radical prostatectomy in the MUSIC
registry.?* Likewise, using pre- and post-operative models predicting continence after radical
prostatectomy, Tutolo et al., found that models that incorporated 3-month post-operative data to
the baseline data showed better performance than model that relied only on baseline preoperative
predictors.? Lastly, Vickers et al. also found patient-reported functional status in the first post-

operative year to be highly predictive of future functional status.'**
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Evidence underscores the importance of using both pre- and post-operative data to
improve accuracy for more personalized prediction.'!!>2123 Further, post-operative models
establish realistic expectations of long term functional recovery. Realistic expectations of urinary
function and pad use pre- and post-operatively support treatment decision-making process and
reduces the potential for decision regrets as poor urinary function is one of the most bothersome
early adverse events for men undergoing RP.!%>!% Ability to predict and subsequently intervene
to restore continence is an important aspect of survivorship care. However, studies have shown
that simple immediate post-operative functional outcome recovery estimates are not meaningful
to those who have yet to gain continence post operatively.?® Continence recovery is a long-term
process with continual gains even after the 12 month period when most men are expected to
regain baseline continence levels.?” Hence, it is important to build predictive tools that provide
estimates of continence over a longer time horizon incorporating both posttreatment data and
postoperative time to provide more accurate estimates. !>

Our study has some limitations. First, anatomical features and surgical skills have been
considered to impact early continence recovery despite variability in outcomes by among
surgeons.*?*3" We are limited by the lack of anatomical data to incorporate in our prediction
models. However, we did not find improvement of model performance when adding surgical
volume as a predictor. Second, we did not include pathological features in our modeling, which
could potentially further improve our prediction accuracy. However, use of pathological data
may not be readily available as input data during patient counseling. Despite these limitations,
the present study advances our understanding of the potential role of dynamic models in prostate
cancer care. As most contemporary prediction models are built for preoperative counseling, the
present study adds to the growing literature supporting the use of the dynamic modeling
approach.?* Dynamic models are not only useful for treatment making process to illustrate
potential recovery trajectories during counseling but also as a post-operative tool to assess if

early interventions to improve continence are appropriate.

4.6 Conclusion

Setting realistic expectations of functional recovery is one of the most important

challenges for clinicians. While we found preoperative data to be unreliable in predicting long-

63



term continence, incorporation of post-operative data using dynamic modeling can help identify
men who might benefit from early post-operative interventions to improve urinary functions after

radical prostatectomy.
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Table 4. Patient characteristics at baseline stratified by cohorts

Derivation Cohort

Validation Cohort

Variable N N =3,295' N N = 1,648'
Age 3,295 65 (60, 69) 1,648 65 (60, 69)
BMI 2,645 1,299
<25 388 (15%) 208 (16%)
25-30 1,206 (46%) 558 (43%)
>30 1,051 (40%) 533 (41%)
Unknown 650 349
Race 3,295 1,647
White 2,593 (79%) 1,260 (77%)
Black 253 (7.7%) 149 (9.0%)
Other 51 (1.5%) 26 (1.6%)
Unknown 398 (12%) 213 (13%)
Gland Volume 2,239 37 (28, 50) 1,102 36 (28, 50)
Unknown 1,056 546
PSA 2,233 1,112
<4 315 (14%) 148 (13%)
4-10 1,435 (64%) 722 (65%)
>10 483 (22%) 242 (22%)
Unknown 1,062 536
Clinical T-Stage 3,082 1,525
T1 2,354 (76%) 1,153 (76%)
T2a 328 (11%) 188 (12%)
>T2a 400 (13%) 184 (12%)
Unknown 213 123
Nerve Sparing 3,295 1,648
Incomplete 1,349 (41%) 691 (42%)
Complete (Bilateral) 1,946 (59%) 957 (58%)
Grade Group 2,853 1,422
1 395 (14%) 202 (14%)
2 1,289 (45%) 656 (46%)
3 672 (24%) 324 (23%)
4 295 (10%) 150 (11%)
5 202 (7.1%) 90 (6.3%)
Unknown 442 226

"Median (IQR) or Frequency (%)
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Table 5. Characteristics of study participants by pad use outcome at month 3

Month 3 Pad Use

Characteristics N OVnglll ’SE\I B I(:}O:mln’l; ;1 7c f 3 hg(fgge; 6C le ’ p-value?
Age 4915 65 (60, 69) 63 (58, 67) 66 (61, 70) <0.001
BMI 3,925 0.005
<25 593 (15%) 145 (14%) 448 (15%)
25-30 1,754 (45%) 506 (49%) 1,284 (41%)
>30 1,578 (40%) 382 (37%) 1,196 (41%)
Unknown 990 304 686
Race 4,914 0.0087
White 3,829 (78%) 1,052 (79%) 2,777 (78%)
Black 400 (8.1%) 91 (6.8%) 309 (8.6%)
Other 77 (1.6%) 27 (2.0%) 50 (1.4%)
Unknown 607 (12%) 167 (12%) 441 (12%)
Gland Volume 3,321 37 (28, 50) 35(27,47) 38 (29, 50) <0.001
Unknown 1,594 485 1109
PSA 3,330 0.26
<4 463 (14%) 144 (15%) 319 (13%)
4-10 2,147 (64%) 601 (64%) 1,546(65%)
>10 720 (22%) 193 (21%) 527 (22%)
Unknown 1,585 399 1,186
Clinical T 4,581 0.011
T1 3,490 (76%) 987 (79%) 2,503 (75%)
T2a 508 (11%) 121 (9.7%) 387 (12%)
>T2a 583 (13%) 137 (11%) 446 (13%)
Unknown 334 92 242
Nerve Sparing 4915 <0.001
Incomplete 2,021 (41%) 478 (36%) 1,543 (43%)
ggolrlzfelf;‘f) 2,894 (59%) 859 (64%) 2,035 (57%)
Grade Group 4,251 <0.001
1 594 (14%) 198 (17%) 396 (13%)
2 1,935 (46%) 552 (48%) 1,383 (45%)
3 991 (23%) 243 (21%) 748 (24%)
4 440 (10%) 111 (9.6%) 329 (11%)
5 291 (6.8%) 51 (4.4%) 240 (7.8%)
Unknown 664 182 482

"Median (IQR) or Frequency (%)
2Wilcoxon rank sum test; Pearson's Chi-squared test
3 Continence is defined as 0 pad per 24 hour period
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Table 6. Characteristics of study participants stratified by pad use outcome at month 12

Month 12 Pad Use

Ve n Ol (ot et e
Age 3,310 65 (60, 69) 64 (59, 69) 66 (62, 70) <0.001
BMI 2,640 0.002
<25 400 (15%) 264 (16%) 136 (14%)
25-30 1,184 (45%) 783 (47%) 401 (42%)
>30 1,056 (40%) 627 (37%) 429 (44%)
Unknown 670 426 244
Race 3,309 0.012
White 2,644 (80%) 1,688 (80%) 956 (79%)
Black 222 (6.7%) 119 (5.7%) 103 (8.5%)
Other 45 (1.4%) 28 (1.3%) 17 (1.4%)
Unknown 398 (12%) 264 (13%) 134 (11%)
Gland Volume 2,189  37(28,50) 37 (28, 48) 38 (29, 51) 0.045
Unknown 1,121 744 377
PSA 2,307 0.057
<4 321 (14%) 203 (14%) 118 (14%)
4-10 1,484 (64%) 974 (66%) 510 (61%)
>10 502 (22%) 300 (20%) 202 (24%)
Unknown 1,003 623 380
Clinical T Stage 3,082 0.014
T1 2,345 (76%) 1,526 (78%) 819 (73%)
T2a 352 (11%) 206 (10%) 146 (13%)
>T2a 385 (12%) 230 (12%) 155 (14%)
Unknown 228 138 90
Nerve Sparing 3,310 <0.001
Incomplete 1,333 (40%) 795 (38%) 538 (44%)
(C;ﬁ‘;f;fg) 1,977 (60%) 1,305 (62%) 672 (56%)
Grade Group 2,890 <0.001
1 404 (14%) 282 (16%) 122 (11%)
2 1,306 (45%) 850 (47%) 456 (42%)
3 655 (23%) 394 (22%) 261 (24%)
4 310 (11%) 182 (10%) 128 (12%)
5 215 (7.4%) 108 (5.9%) 107 (10%)
Unknown 420 284 136

"Median (IQR) or Frequency (%)
2Wilcoxon rank sum test; Pearson's Chi-squared test; Fisher's exact test
3 Continence is defined as 0 pad per 24 hour period
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Table 7. Performances of models predicting urinary domain scores and pad use by time

Time (in Months) Urinary Domain Scores Pad Use*

Prediction Time Outcome RMSE MAE AUC Binary AUC
Time Binary

0** 3 29.13 23.87 0.62 0.62
0 6 25.25 20.80 0.64 0.63
0 12 26.12 22.14 0.62 0.60
0 24 26.52 22.44 0.62 0.63
3 6 16.60 13.22 0.88 0.89
3 12 17.75 13.93 0.84 0.85
3 24 19.02 14.79 0.84 0.85
6 12 16.67 12.69 0.86 0.90
6 24 17.64 13.32 0.85 0.89
12 24 16.01 12.24 0.87 0.92

* Continent = 0 pad use

** (): Baseline
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Table 8. Sensitivity Analysis - Surgeon Volume Included

Urinary Domain Scores Pad Use*
Prediction Time Ouicome RMSE MAE AUC Binary AU
Time Binary
0** 3 17.90 14.85 0.75 0.60
0 6 18.65 15.96 0.71 0.63
0 12 19.14 16.16 0.69 0.60
0 24 19.05 16.14 0.69 0.63
3 6 14.19 11.28 0.89 0.92
3 12 15.59 12.48 0.85 091
3 24 16.06 12.86 0.84 0.88
6 12 14.57 11.37 0.88 0.93
6 24 15.08 11.86 0.86 0.89
12 24 14.14 11.14 0.88 091
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Table 9. Sensitivity Analysis - Nerve Sparing Included

Time (in Months) Urinary Domain Scores Pad Use*

Prediction Time Qutcome RMSE MAE AUC Binary AUC
Time Binary

0** 3 17.91 14.85 0.75 0.60
0 6 18.65 15.96 0.71 0.64
0 12 19.11 16.13 0.69 0.60
0 24 19.03 16.11 0.69 0.63
3 6 14.11 11.24 0.89 0.92
3 12 15.58 12.46 0.85 0.91
3 24 16.07 12.88 0.85 0.88
6 12 14.55 11.37 0.88 0.93
6 24 15.06 11.88 0.86 0.89
12 24 14.20 11.18 0.88 0.91
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Figure 5 Calibration plot for urinary domain score prediction for each time point.
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Figure 7. Development of Analytic Cohort
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Figure 8. Variable Importance for Pad Use Prediction Model
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Chapter 5 Assessing How Secular Changes in Practice Patterns Affect the Performance of

Prediction Models Developed from Disease Registry Data

5.1 Abstract

Objective: To assess how temporal changes in practice patterns affect the performance of
prediction models trained on disease registry data.

Methods: We used the Michigan Urological Surgery Improvement Collaborative
(MUSIC) registry to assess temporal changes in practice patterns, trained logistic regression
models using the MUSIC Patient Reported Outcomes (PRO) data to predict the probability of
urinary incontinence at 3 months after radical prostatectomy (RP). We included men who
underwent radical prostatectomies between January 2017 and December 2021 and completed the
MUSIC PRO questionnaire at baseline and 3 months after RP. We assessed model discrimination
and calibration over multiple years by comparing baseline approach (no model retraining)
against two model updating strategies (models re-trained every year using prior year data and
models retrained on aggregate data).

Results: The rates of radical prostatectomy steadily declined in MUSIC from 43% in
2016 to 32% in 2021 with an annual percent change of -5.66. The rates of low-risk disease
decreased while intermediate risk disease increased over time. Model discrimination was modest
and stable across 3 model retraining approaches. The area under the receiver operating curve
(AUC) ranged from 0.59 to 0.63 with no statistically significant differences between models’
discriminative performance. Model calibration assessed with intercept and slope remained stable
with some indication of over-estimation in later years, but no evidence of calibration drift
emerged. Visual inspection of calibration plots also revealed no clear patterns of calibration drift
in segments of the curves with most of the predicted probabilities.

Conclusion: We found no indication of calibration drift in prediction models trained on

registry data. Models trained on registry data may be less prone to deterioration in model
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performance. Future studies should confirm our findings with a larger sample size and assess

model deterioration over a longer study period.

5.2 Introduction

Clinical prediction models may deteriorate when the conditions present during model
development change after the models are deployed.'?*!°” In recent years, researchers have
highlighted the phenomenon of dataset shift, which results in deterioration in model performance
over time. Dataset shift can occur when there are changes to the distribution of underlying
data.'”” After prediction models have learned the relationships between predictors and outcomes
in a dataset, changes to the distribution of that data occurring after deployment can result in
changes in model performance.'**!°7 Dataset shift can occur abruptly, rapidly, gradually, or
periodically (i.e., seasonality) due to changes in underlying data, clinical environment, or other
factors.'?>!8 Though it is readily apparent when it occurs suddenly, dataset shift can occur
gradually over time, where users of the model may not recognize changes in model performance.
One form of dataset shift that often occurs gradually is calibration drift, in which the model
gradually beings to systematically overestimate or underestimate risks.!?!"!3%!44 Calibration drift
is described as a consequence of deploying models in non-stationary clinical environments where
differences in event rates arise over time between the population on which a model was
developed and the population to which the model is applied.!*

Prostate cancer is one clinical area in which national guidelines recommend the use of
models to support decision-making with respect to biopsy and surgery. However, these
recommendations occur despite changes in screening and treatment patterns in response to
evolving evidence from randomized trials.*?!'* Changes in prostate cancer screening guidelines
have resulted in fewer diagnosis of low-risk disease and proportionally more intermediate and
high risk nationally.?*’ Similarly, active surveillance rates have been increasing nationally and in
Michigan,?°!22 which has led to fewer low-risk men undergoing radical prostatectomy. Given
these secular trends, prediction models derived from historical registry data may be susceptible
to calibration drift. Though studies based on simulation and electronic health record (EHR) data

have shown how models can deteriorate over time'3*144198

, what remains unknown is how
secular trends affect models trained on registry data. While EHR data have several limitations'!’

in part because of their collection to support multiple needs (e.g., billing, clinical documentation,
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and care delivery), registries are designed for disease surveillance and quality improvement with
standardized data abstraction protocols in place with high-level of consistency in definitions and
measures.>

Secular trends may affect model performance by systematically over- or under-predicting
risks. In addition to undermining clinicians’ confidence in such models, calibration drift may
result in poor decision-making because clinical guidelines anchor decisions to absolute risk.'*
The purpose of this chapter is to examine the impact of secular trends on prediction model
performance and to compare model updating strategies to correct for these changes. Prior
research has proposed several strategies for updating or recalibrating models in the face of
miscalibration. Steyerberg proposed several model updating strategies including no updates,
recalibration (i.e., updating intercept and recalibration of intercept and slope), model revision
(i.e., recalibrating, and selective re-estimating of regression coefficients), to model extension
(i.e., re-estimating coefficients and adding new predictors).?*> Additionally, Strobl, Hickey and
others proposed recalibration or retraining models at pre-specified time periods. !!6:134157.204
Similarly, Vickers et al. implemented a differential weighting scheme where greater weights are
given to recent patients, who then exerted greater influence on model coefficients.'!! This
approach introduces the concept of “forgetting” where data from earlier years are considered less
important when updating models.?*® These studies demonstrate models need to be updated
periodically as a response to dataset shift including secular trends in clinical practice patterns or
other changes. In this chapter, we assess a statewide registry for secular trends in practice
patterns and compare two model updating strategies in predicting continence after radical

prostatectomy by comparing key model performance metrics.

5.3 Methods

5.3.1 Data Sources

We used the Michigan Urological Surgery Improvement Collaborative (MUSIC) registry
to assess secular trends in practice patterns, build prediction models using the MUSIC Patient
Reported Outcomes (PRO) data and assess model performance over multiple years. MUSIC
registry and MUSIC-PRO have been described in previous chapters. Briefly, MUSIC collects
patient reported outcomes data using the Expanded Prostate Cancer Index Composite (EPIC-26)
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instrument from men undergoing radical prostatectomy, benchmarks patient reported outcomes
and provides performance feedback to corresponding surgeons. MUSIC PRO is integral to

improving the quality of prostate cancer care in Michigan, one of MUSIC’s key priorities.

5.3.2 Study Cohort

We included men with prostate cancer who underwent radical prostatectomies between
January 2016 and December 2021 and completed the MUSIC PRO questionnaire at baseline and
3-months after RP. Men who had radical prostatectomies prior to January 2016 were excluded
from the analysis as MUSIC transitioned from the Memorial Sloan Kettering Cancer Center’s
tool to EPIC-26 in 2015-2016.%% Though a crosswalk between these two instruments has been
developed, we chose to limit our analysis to 2017 to 2021 to reduce any potential measurement

errors that resulted from the transition.

5.3.3 Outcomes

Our outcome of interest is urinary pad use at 3-months after radical prostatectomy. We
selected pad use at 3-months as our outcomes because it provides an early assessment of
continence recovery and is also the earliest time point when EPIC-26 instrument is administered
in MUSIC. Pad use is assessed in EPIC-26 as the number of pads or adult diapers a respondent
might have used per day to control leakage during the last 4 weeks. Responses to the pad use
question were dichotomized into continent (0 pad per day) versus incontinent (1 or more pads
per day).

We assessed secular trends in prostate cancer incidence and changes in the uptake of
radical prostatectomy based on the National Cancer Consortium Network (NCCN) risk groups.
The NCCN risk stratifies diagnoses into five groups very low-risk, low-risk, intermediate risk
(including favorable and unfavorable risks), high-risk and very high-risk.?%> For simplicity, we
consolidated these 5 groups into 3 broader categories; low-risk (by combining very low and low

risk groups), intermediate risk, and high-risk (by combining high-risk and very high-risk groups).
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5.3.4 Predictors

Model predictors were patient’s age at radical prostatectomy, body mass index, Charlson
comorbidity index, Gleason grade group, clinical T-stage, pre-operative Prostate Specific

Antigen (PSA), and percent positive cores at biopsy.

5.3.5 Comparison of Model Updating Strategies

We trained logistic regression models with MUSIC PRO data to predict men likely to
remain incontinent at 3-months after radical prostatectomy and evaluated the performance of the
models across subsequent years. As a baseline approach, we evaluated models trained on 2017
data in subsequent years with no updates to the initial model. We compared the baseline
approach against two model updating strategies. In the first strategy, models were re-trained
every year only using the prior year’s data. In the second strategy, models were re-trained every
year using all available historical data up to that year (for example, the 2019 model was re-
trained on an aggregate of 2017 and 2018 data). Our model updating strategies build on the
strategy implemented by Strobl et al., who employed cumulative training sets that grew each
year and the validation set changed each year.!!® In the present study, we used rolling and

cumulative cohort for our 2 model retraining strategies.

5.3.6 Model Performance

We assessed model discrimination and calibration by statistically and graphically
evaluating how models performed each year for the baseline approach and the two model
updating strategies. Discrimination refers to a model’s ability to differentiate between individuals
who have an event (or outcome of interest) and those who do not have an event. In the present
study, discrimination refers to the ability of prediction models to differentiate between those who
use pads versus those who do not. Calibration is the accuracy of risk estimates which relates to
the agreement between the probability of developing the event (or, outcome of interest) as
estimated by the model and the observed number of events.!2%1502% [n the present study,

calibration refers to how well a model predicts the probability of being pad free with respect to
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the actual probability of being pad free by assessing the closeness between a model’s estimated
probability and the observed probability. Calibration is assessed using both the intercept and the
slope and a well-calibrated model will have an intercept of 0 and a slope of 1. Calibration
intercept compares the mean observed values with mean predicted values and represents overall
miscalibration, while calibration slope measures the direction of miscalibration by assessing the
spread of the predicted risks.!>%!332% The definition of calibration has evolved over time with
some defining calibration as the degree to which numerical predictions are too high or too low
compared to the outcomes.'> In an ideal environment, a perfectly calibrated model will predict
for all patients the same predicted risk, which equals to the event rate. Similarly, in an ideal
situation, a model with perfect discrimination will always distinguish a person with an event
from a person without an event.?"’

Discrimination was assessed with the area under the receiver operating characteristic
curve (AUC) and model discrimination values range from 0.5 (random chance) to 1.0 (perfect
discrimination). DeLLong’s non-parametric approach was used to assess discriminative
performance by testing the differences in the AUCs of each model.?”® DeLong’s test determines
whether one model has a statistically significant AUC from a comparator model, hence, we
compared each model to its corresponding model across strategies. Model calibration was
assessed graphically using calibration plots, and statistically using calibration slopes and
intercepts. A slope of 1 is considered perfect calibration, while >1 denotes underestimation of
high risk and overestimation of low risk, while <I denotes underestimation of low risk and
overestimation of high risk.!>> We evaluated the magnitude of calibration drift and assessed how

model performance deteriorated as practice patterns changed.

5.3.7 Software

Secular trends in MUSIC registry data are assessed using Joinpoint linear regression.
Joinpoint regression program detects statistically significant changes in secular trends in cancer
surveillance research and assesses secular trends by fitting the simplest model to describe the
trend data.!>?> The changes are expressed as annual percentage change (APC) which is used to

compare year over year trends. Logistic models were fit in R 4.1.2 (R Foundation, Vienna,
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Austria). Differences in AUC curves were tested using pROC package while calibration intercept

and slope were assessed using the val.prob.ci.2 packages.!>*?%

5.4 Results

5.4.1 Cohort Characteristics

This study included data on 6,596 men in the MUSIC registry who underwent radical
prostatectomy between January 2017 and December 2021 and completed at least one EPIC-26
survey reporting their postoperative pad use. Patient characteristics at baseline for each year are
presented in Table 1. Briefly, the median age at radical prostatectomy was 64 (IQR 59,68) in
2017, which remained steady in the intervening years and increased to 65 (IQR 60, 69) in 2021.
Rates of Gleason grade group 2 disease increased from 45% in 2017 to 49% and 48% in 2020
and 2021, respectively. Similarly, rates of grade group 3 disease also increased from 20% in
2017 to 26% in 2021. The rates of men with NCCN low risk disease undergoing radical
prostatectomy decreased from 16% in 2017 to 7% in 2021. Similarly, men with intermediate risk
disease undergoing radical prostatectomy increased from 75% in 2017 (n=1133) to 84% in 2021
(n=417). However, the rates of high risk men undergoing RP remained stable around 9% to 10%

throughout the five year study period.

5.4.2 Prevalence of Outcomes

In 2017, 71% (n=898) of men in our data experienced incontinence. The prevalence of
incontinence increased to 74% (n=1009) and 73% (n=1034) in 2018 and 2019 respectively, and
subsequently decreased to 69% in 2020 (n=571) and 2021 (n=231).

5.4.3 Statewide Practice Patterns in MUSIC

Analyses of practice patterns in MUSIC showed active surveillance increased from
approximately 32% in 2017 to 39% in 2021 (Figure 1) with an annual percent change of 5%. The
rates of radical prostatectomy steadily declined in MUSIC from 43% in 2016 to about 32% in
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2021 with an annual percent change of -5.66 (Figure 2). The incidence of NCCN low-risk
disease declined from 30% in 2017 to 26% in 2021 with an APC of -3.92 (Figure 3). The rates of
NCCN intermediate disease slightly increased over time from 47% in 2015 to 53% in 2021 with
an APC of 1.92, while the rates of NCCN high-risk disease remained stable at around 17% with
an APC of 0.91 (Figures 4 and 5).

5.5 Model Performance in the Validation Cohorts

Model discrimination was modest across all models predicting 3-month pad use. Overall,
the AUC was stable for different model updating strategies with values ranging from 0.59 to
0.63.

5.5.1 Baseline approach

Model discrimination remained modest for the model trained at all time points in
predicting pad use at month 3. The 2018 model predicted pad use with an area under the curve of
0.59 (0.56 - 0.63). The AUC remained stable at 0.62 (0.55 — 0.68) when the model was tested
separately in subsequent years. Calibration was poor for the 2018 model with an intercept of 0.11
(-0.02 — 0.23) and a slope of 0.65 (0.40 — 0.90). However, model calibration improved in 2019
and 2020, with decreasing intercept and increasing slope values up until the 2021 model, which
had an intercept of -0.19 (-0.43 — 0.05) and slope of 0.92 (0.40 — 1.44) indicating over-estimation

of risks as a perfectly calibrated model will have an intercept of 0 and a slope of 1.

5.5.2 Model Updating Strategy 1

All four models trained with previous year’s data yielded similar AUCs. The 2019 model
trained on the previous year data had an AUC of 0.61 (0.58 — 0.64). The AUC remained stable to
0.62 (0.57 — 0.66) for the 2020 model and remained unchanged for the 2021 model. Calibration
intercept decreased while slope increased over time. The 2020 model showed an intercept of -
0.19 (-0.34 — -0.04) and a slope of 1.06 (0.67 — 1.46) and continued to overestimate risks with an
intercept of -0.04 (-0.28 — 0.20) and slope of 1.08 (0.51 — 1.64) for the 2021 model.
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5.5.3 Model Updating Strategy 2

All four models trained with cumulative data yielded similar AUCs as in the previous
models. Calibration improved from an intercept of 0.11 (-0.02 — 0.23) and slope of 0.65 (0.40 —
0.90) for the 2018 model to an intercept of 0.01 (-0.11 — 0.13) and the slope of 0.88 (0.60 — 1.17)
for the 2019 model. The subsequent models over-estimated risks with an intercept of -0.19 for
2020 and 2021 models. The slopes also increased to 1.05 and 1.25 in 2020 and 2021 respectively

indicating the models yielded more extreme predictions. (Table 2)

5.5.4 Comparison of Model Updating Strategies

We compared the area under the receiver operating curve using the DeL.ong test to
compare the two model updating strategies against the baseline approach. The DeLong tests
showed no statistically significant differences between models’ discriminative performance
(Table 3). Assessment of calibration intercept and slope showed calibration remained stable
across the three model updating approaches. When comparing the two strategies against the
baseline approach, the 2019 model in strategy 1 and the 2020 model in strategy 2 were mis-
calibrated. Calibration intercepts for the rest of the models showed no signs of miscalibration
except the intercept values decreased over time suggesting some over-estimation. Similarly, the
slope values increased from 2018 model to 2021 for baseline as well as for strategies 1 and 2
models. However, in the baseline approach the calibration slope was less than 1 for all four years

(Table 3), whereas, in strategies 1 and 2, the calibration slope was greater than 1 for most years.

5.6 Discussion

In this study, we evaluated the performance of prediction models to assess if model
discrimination and calibration deteriorated over time. Discrimination remained modest and stable
across all models. Neither strategy produced a model with statistically significant discriminative
performance when tested against the baseline approach. Overall, model calibration assessed with

intercept and slope remained similar across the strategies with some indication of over-
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estimation as reflected by decreasing intercept values in later years. Our model updating
strategies build on the work advanced by Strobl et al.!'® Their models were trained on a
cumulative sample with data from previous years included in the training set. The models were
then tested on validation sets that changed each year. We adopted a similar strategy (herein,
strategy 2) and added another strategy (herein, strategy 1) where we trained the models on prior
year data and tested on subsequent year’s data. We also compared the performance of these two
strategies against the baseline approach.

In the baseline approach, the intercept decreased while slope increased over time,
reflecting over-estimation of risks in later years. However, the slope values remained less than 1
indicating predictions were likely too extreme, i.e., underestimation of low risk and
overestimation of high risk.!>*?"7 Similarly, strategy 1 models also produced over-estimated risk
probabilities in later years, but the slope values were greater than 1 indicating predictions were
too moderate (or narrow).!'?%?!1? Strategy 2 models did not achieve superior calibration compared
with the baseline approach.

Although the slope values for later year models were >1 in strategy 1 and 2, it is
interesting to compare the intercepts and slopes against the event rates. When the event rates
were higher in the training set than the testing set, the models over-estimated risks (as evidenced
by the decreasing intercept values) but the risk estimates did not seem to be too extreme (as
evidenced by calibration slope >1). However, a closer inspection of the confidence intervals for
the slope suggests that there are no significant differences in slopes (i.e., confidence intervals
cross 1, as the optimal value of slope is 1) when the event rates for the testing year were smaller
than for the training year.

The present study showed how model discrimination and calibration remained stable over
time, albeit with increasing over-estimation of risk in later years. Our results of stable
discriminative performance and increasing overestimation of risks are similar to other studies,
16,134198 except we did not detect strong evidence of calibration drift. Visual inspection of
calibration plots revealed no clear evidence of calibration drift in segments of the curves with
most of the observations. Areas of over- and under-estimations were primarily observed in areas
with few observations (i.e., predicted probabilities). Hence, this study generates a hypothesis that

models trained on registry data may be less susceptible to calibration drift. As discussed above,
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registry data tend to be stable with standardized data abstraction protocols, which may explain
why we did not observe calibration drift despite changing practice patterns.

This study has several limitations. First, our sample size in annual cohorts was small and
fewer men underwent radical prostatectomy during the first two years of COVID, further
reducing the cohort size in later years. This may have reduced power to assess calibration drift
over time, however, assessment of statistical power in calibration studies is an under-studied
area.!>® Second, we used 5 years of data to build and retrain our models and the temporal change
during these years may not have been profound to cause calibration drift. It is reasonable to
assume that a longer time-frame may have shown evidence of calibration drift. Third, model
discrimination was modest across all models, which may have affected model calibration. It is
likely that models with poor discrimination may also have poor calibration, however, previous
analyses have shown the difficulties of predicting 3 month outcome from pre-operative variables.
Fourth, we could not ascertain if the decrease in event rates were permanent or transitory. The
decreasing event rates could have been an artifact of temporary changes in practice patterns due
to COVID in 2020 and 2021, which could self-correct over time as COVID evolves into an
endemic stage.

Despite the limitations, the present study has several implications for prediction models
trained on registry data. First, registry data may be less prone to shifts that are emblematic of
EHR data. Therefore, calibration drift solutions devised for EHR data may not necessarily apply
to models trained on registry data. This study focuses on simple model re-training efforts and
compares model performance against the baseline approach to assess discrimination and
calibration. Other disease registries may find our experience instructive. Despite the lack of clear
evidence of calibration drift, this study adds to the limited literature on model calibration in
registry data. With the expanding use of registry data and the move towards sophisticated
prediction models, it is reasonable to expect that future prostate cancer patients would benefit
from greater use of risk predictions models trained on registry data. This advancement is likely to
positively impact future patients. However, a poorly calibrated model will consistently assign
misleading risk probabilities. Therefore, as more prediction models are being used in routine
clinical practice, model surveillance, maintenance, and updating become critical to safe and
effective patient care.!?22932!! Future studies should confirm our findings with a larger sample

size and assess model performance over a long time horizon.
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5.7 Conclusion

In this study, we assessed if models deteriorate over time as practice patterns changed in
a registry data. Robustness of predictions is important to the broader use of prediction models in
clinical settings. As clinicians treating localized prostate cancer patients strive to balance the
tradeoffs between potential cure with treatment side effects, assigning accurate probability of

optimal outcomes on a given therapy is critical in the treatment decision-making process.
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Table 10. Characteristics of Study Participants Stratified by Testing Years

Characteristic 2017 2018 2019 2020 2021
N=1513 N=1,605 N = 1,746 N=1232 N =500

%ﬁ)(Medlan’ 64 (59,68) 64 (59, 68) 64 (59, 68) 64 (60, 69) 65 (60, 69)
BMI (kg/m2, n(%))

<25 250 (17%) 260 (16%) 258 (15%) 195 (16%) 58 (12%)

25-30 657 (44%) 678 (43%) 764 (44%) 545 (45%) 242 (49%)

>30 590 (39%) 655 (41%) 711 (41%) 465 (39%) 194 (39%)
Race

Black 156 (10%) 170 (11%) 178 (10%) 117 (9.5%) 58 (12%)

White (17,41“}/5) 1,209 (75%) 1,308 (75%) 965 (78%) 371 (74%)

0

Other 32(2.1%) 30 (1.9%) 36 (2.1%) 24 (1.9%) 18 (3.6%)

Unknown 208 (14%) 195 (12%) 223 (13%) 126 (10%) 53 (11%)
Charlson Comorbidity Index

0-1 1,354 1,410 (88%)  1,562(89%) 1,125 (91%) 456 (91%)

(90%)

2+ 156 (10%) 194 (12%) 184 (11%) 107 (8.7%) 44 (8.8%)
PSA

<4 (17’2(?/3 L178 (73%)  1271(73%) 935 (76%) 389 (78%)

4-10 310 (20%) 294 (18%) 300 (17%) 213 (17%) 84 (17%)

>10 105 (6.9%)  132(82%) 174 (10.0%) 81 (6.6%) 27 (5.4%)
Clinical T-Stage

T (17;37) 1,195 (75%) 1336 (77%) 973 (79%) 391 (78%)

0

T2a 194 (13%) 171 (11%) 173 (9.9%) 113 (9.2%) 52 (10%)

>T2a 208 (14%) 235 (15%) 234 (13%) 144 (12%) 56 (11%)
Gleason Grade Group

1 (3+3) 263 (18%) 212 (13%) 254 (15%) 144 (12%) 46 (9.3%)

2 (3+4) 671 (45%) 716 (45%) 787 (46%) 596 (49%) 239 (48%)

3 (443) 303 (20%) 384 (24%) 394 (23%) 314 (26%) 131 (26%)

4 (4+4) 154 (10%) 151 (9.5%) 186 (11%) 108 (8.8%) 56 (11%)

5 (>4 + >4) 106 (7.1%) 128 (8.0%) 106 (6.1%) 63 (5.1%) 23 (4.6%)

NCCN Risk Groups

High Risk 131 (8.7%) 148 (9.3%) 166 (9.6%) 93 (7.6%) 46 (9.2%)

Intermediate 1,133 o o o o

Rish (75%) 1262 (79%) 1,351 (78%) 1,005 (82%) 417 (84%)

Low Risk 240 (16%) 180 (11%) 220 (13%) 127 (10%) 35 (7.0%)
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Table 11. Model Performance by Modeling Updating Strategy

Year Event Rate Intercept Slope AUC
Training Testing  Training  Testing (CI) (CI) (Cl)
Baseline Approach
2017 2018 0.71 0.74 0.11 (-0.02-0.23)  0.65 (0.40—-0.90)  0.59 (0.56 — 0.63)
2017 2019 0.71 0.73 0.06 (-0.07-0.18)  0.72 (0.49-0.96)  0.61 (0.58 — 0.64)
2017 2020 0.71 0.69 -0.14 (-0.29-0.02)  0.77 (0.45—-1.09)  0.60 (0.56 — 0.64)
2017 2021 0.71 0.69 -0.19 (-0.43-0.05) 0.92 (0.40—1.44)  0.62 (0.55 - 0.68)
Strategy 1
2017 2018 0.71 0.74 0.11 -0.02-0.23)  0.65(0.40—-0.90)  0.59 (0.56 — 0.63)
2018 2019 0.74 0.73 -0.05 (-0.17-0.07) 1.11(0.76 —1.46)  0.61 (0.58 — 0.64)
2019 2020 0.73 0.69 -0.19 (-0.34—-0.04) 1.06 (0.67 — 1.46)  0.62 (0.57 — 0.66)
2020 2021 0.69 0.69 -0.04 (-0.28-0.20) 1.08 (0.51 —1.64) 0.62 (0.56 - 0.69)
Strategy 2
2017 2018 0.71 0.74 0.11 (-0.02-0.23)  0.65 (0.40—-0.90)  0.59 (0.56 - 0.63)
2017 - 2018 2019 0.73 0.73 0.01(-0.11-0.13)  0.88(0.60—-1.17)  0.61 (0.58 - 0.64)
2017 - 2019 2020 0.73 0.69 -0.19 (-0.34—--0.03) 1.05(0.65—1.45) 0.61 (0.57 - 0.65)
2017 - 2020 2021 0.72 0.69 -0.19 (-0.43-0.05) 1.25(0.59—-1.90) 0.62 (0.56 - 0.69)
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Table 12. ROC Test Comparison by Model Updating Strategy

Year AUC (Baseline ) AUC (Strategy 1) Z-Statistic  Lower CI Upper CI p-value
2018 0.59 0.59 0.00 0.000 0.000 1.000
2019 0.61 0.61 -0.15 -0.010 0.008 0.884
2020 0.60 0.62 -1.29 -0.033 0.007 0.197
2021 0.62 0.62 -0.14 -0.044 0.038 0.890
AUC (Baseline) AUC (Strategy 2)
2018 0.59 0.59 0.00 0.000 0.000 1.000
2019 0.61 0.61 -0.25 -0.004 0.004 0.805
2020 0.60 0.61 -1.62 -0.017 0.001 0.106
2021 0.62 0.63 -0.52 -0.025 0.007 0.606
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Figure 9. Changes in Active Surveillance in MUSIC Registry 2012 — 2021

Active Surveillance: 1 Joinpoint

® Observed
2012-2017 APC =9.90*
— 2017-2021 APC =5.03

prop

0.07
2012 20129 20138 20147 20156 20165 2017.4 20183 20192 2020.1 2021
dx_year
* Indicates that the Annual Percent Change (APC) is significantly different from zero at the alpha = 0.05 level

Final Selected Model: 0 Joinpoints.

Figure 10. Changes in Radical Prostatectomy in MUSIC Registry 2012 — 2021
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Figure 11. Changes in NCCN Low Risk Cancers in MUSIC Registry 2012- Figure 12. Changes in NCCN Intermediate Risk Prostate Cancers in MUSIC

2021 Registry 2012-2021
NCCN Low-Risk: 0 Joinpoints NCCN Intermediate-Risk: 1
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2012-2021 APC = -2.05* 2012-2015 APC =-0.35

0.304 0.527 = 2015-2021 APC = 1.92*
0.292 0513
0.281 0.499
0.269 0.485¢

o o

2 0258 e 0471

o p o
0.246 + + £ < < 0.457
0.235 + + + + + 0.443
0.223 + + + + + 0.429
0.212 + + + + + 0.415

0.20 i f { f 0.401
0.189 0.387
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* Indicates that the Annual Percent Change (APC) is significantly different from zero at the alpha = 0.05 level * Indicates that the Annual Percent Change (APC) is significantly different from zero at the alpha = 0.05 level
Final Selected Model: 0 Joinpoints. Final Selected Model: 0 Joinpoints.
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Figure 13. Calibration Plot, Baseline Approach 2018
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Figure 14. Calibration Plot, Baseline Approach 2019
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Figure 15. Calibration Plot, Baseline Approach 2020

10 Calibration
..intercept -0.14 (-0.29 to 0.02)
...slope: 0.77 (0.45 to 1.09)
0.8 Discrimination
) ...c-statistic: 0.60 (0.56 to 0.64)
S
s 06
Q
o
O
o (04 4
@
e
[i}]
8 02 - Ideal
O — Flexible calibration {Loess)
00 - R TTR T TR
AR R LN AN AR RN T LA L 0
I I I I I I
0.0 02 04 06 08 10
Predicted probability
Figure 16. Calibration Plot, Baseline Approach 2021
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Figure 17. Calibration Plot, Strategy 1, 2018
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Figure 18. Calibration Plot, Strategy 1, 2019
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Figure 19. Calibration Plot, Strategy 1, 2020
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Figure 20. Calibration Plot, Strategy 1, 2021
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Figure 21. Calibration Plot, Strategy 2, 2018
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Figure 22. Calibration Plot, Strategy 2, 2019
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Figure 23. Calibration Plot, Strategy 2, 2020
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Figure 24. Calibration Plot, Strategy 2, 2021
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Chapter 6 Discussion

Randomized trials show radical prostatectomies prolong life but also affect the patient’s
quality of life including urinary incontinence. Patient Reported Outcomes (PROs) are used to
assess the post-surgical quality of life. Longitudinal analyses of quality of life based on PROs is
the most patient-centered way of exploring functional recovery after radical prostatectomy.
PROs also play a critical role in quality improvement efforts as they bring the patient’s voice to
the table. Investigation of patient reported outcomes is important because of the potential to learn
from patients in routine clinical practice, the idea behind the concept of a learning health system.
Systematic investigation of long-term functional recovery builds real-world evidence to support

treatment decision-making process for future patients.

6.1 Implications for Patient Care

This dissertation explores longitudinal aspects of patient reported outcomes with a focus
on urinary incontinence recovery. This dissertation makes several scientific contributions to the
literature, focusing on the use of PROs to broaden our understanding of continence recovery
after radical prostatectomy. In chapter 3, we explored variability in urinary function recovery
using mixed-effects models to characterize the patterns of variability. We found urinary function
recovery is highly variable among patients who undergo radical prostatectomy. The amount of
variability attributable to patients was much greater than attributed to surgeons. These findings
help to contextualize factors that impact urinary function recovery and adds to our understanding
of the recovery process in a patient-centered manner. First, PROs are unfiltered assessment of
recovery from patient’s perspective. They are an important aspect of recovery and bring the
patient’s voice to the table. Further, assessing factors that explain the variability in urinary
function recovery has implications for quality improvement efforts— i.e., to explore how much of
the variability is due to modifiable factors amenable to quality improvement efforts. Factors that

are modifiable can be addressed through quality improvement efforts and can help improve
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patient outcomes. Identifying patients who are at risk for late recovery might shorten the duration
of post-surgical incontinence and improving their quality of life. Hence, urology practices can
assess continence at an earlier time point, so patients do not have to wait for 3 months, which is
customary for many practices. Offering early interventions to help regain urinary function sooner
has enormous quality of life benefits for patients.

We also assessed if surgical volume (or surgeon’s case-load) is associated with urinary
function recovery. Surgeon’s case-load did not fully explain the variability in outcomes. This
finding makes an important contribution to our understanding of volume-functional outcomes
relationship as surgeon’s case-load is an important aspect of patient care. High volume surgeons
and high volume centers have better clinical and oncologic outcomes. However, studies have
shown no measurable improvements in urinary function outcomes over time even among high
volume surgeons. Also, MUSIC experience suggests that continence outcomes have not
improved despite the concerted quality improvement efforts. This raises an important question
about where to direct quality improvement efforts. Should quality improvement efforts be
targeted at identifying patients who are at risk for later recovery? Should patients be offered
continence interventions earlier in the recovery process to improve their quality of life? The
subsequent chapters attempt to provide some answers to these questions.

In chapter 4, we explored the concept of dynamic modeling to predict urinary continence
at multiple time points after radical prostatectomy. In this analysis, we trained models to
longitudinally predict pad use and urinary function by incorporating patient reported data that
become available postoperatively. This approach was based on the hypothesis that updating
predictions as new data become available would make postoperative models more accurate and
responsive to the recovery patterns. We found models trained on both baseline and post-
operative data produced better estimates of urinary continence and function. The finding that
post-operative models predicted urinary function recovery better than the preoperative models
may not be surprising but the idea of adding post-operative data to prediction models is a
relatively new concept in prostate cancer care. This is an important contribution to the literature.

Traditional nomograms are static and are not responsive to longitudinal recovery
trajectory. By demonstrating that postoperative models perform better at predicting urinary
continence and functional recovery than preoperative models, this work supports the use of

postoperative models in clinical practice. Since functional recovery is longitudinal and dynamic,
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it would serve clinicians and patients well if prediction models are more responsive to the
recovery trajectory. If patients recover slower than initially expected, post-operative predictions
can be used to reassure patients, reset their expectations or to recommend rehabilitative or other
interventions. If models can identify patients who are less likely to achieve continence or recover
urinary function at an earlier time point, it would help clinicians recommend rehabilitative or
other interventions. This would improve the quality of life by offering early interventions and
potentially helping the patients become continent earlier in their survivorship journey.

We also found that postoperative models are better at estimating short-term continence
outcomes than predicting outcomes over a longer time horizon (i.e., the 3 month model
predicting 6 month outcomes and the 6 month model predicting 12 month outcomes). Based on
this finding, we can hypothesize that a I month prediction model will provide similar estimates
as the 3 month model. The potential to estimates recovery outcomes at 1 month after surgery has
great implications for patient care. MUSIC has started collecting PROs within the first month
after surgery, which could help identify patients who are at higher risk of late continence
recovery before the traditional 3 month time-frame. Future modeling efforts should address if a
prediction model trained on 1 month data performs better than the models trained on months 3 or
6 data.

In chapter 5, we evaluated the performance of prediction models longitudinally. We
trained logistic regression models to predict the probability of incontinence at 3 months after
radical prostatectomy. We assessed temporal changes in practice patterns in MUSIC and
assessed how those changes may affect the performance of prediction models over time. We
compared the baseline approach with no model retraining, against two model updating strategies.
The baseline approach is the most prevalent approach as prediction models in urology rarely get
updated over time. We found that model discrimination remained modest and stable across the
models. Other studies have shown temporal changes do not impact model discrimination as
much as they impact model calibration.

We assessed the extent of miscalibration by examining changes in model intercepts and
slopes. We found model calibration remained stable and there was no clear indication of model
deterioration. Prediction model developers have known that models trained on EHR data
experience calibration drift over time. By showing that models trained on registry data did not

experience calibration drift as practice patterns changed, this study advances our understanding
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in a couple of ways. First, it generates a hypothesis that models trained on registry data may be
more stable than models trained on EHR data. Second, our findings from Chapter 4 suggest that
prediction models trained on registry data perform better if postoperative data are included in the
models. Findings from Chapter 5 suggest that once the models are trained, they may not need to
undergo periodic retraining as the underlying data tend to be more stable in clinical registries

than in the EHR.

6.2 Future Directions

There are several opportunities for further research. First, there is no agreement on the
definition of continence in the literature. Some have argued for a conservative definition of 0
pads per day as the most patient-centered definition. Others have adopted social continence, 1 or
less pads per day, as their definition of continence. Different definitions have implications for
assessing variability as well as training prediction models. A stricter definition of continence
helps to assess the true variability in continence recovery and make accurate predictions. Future
studies could build more robust evidence by assessing variability in continence recovery using
the stricter 0 pads per days and building prediction models based on a consistent definition of
continence.

Second, we were not able to show a strong association between surgeon’s caseload and
urinary function recovery. The association between surgeon’s caseload and urinary function
recovery is an important question for continued research. Surgical skills are critical to
performing complete nerve spare and to preserve the underlying pelvic musculature, which helps
with sexual function recovery. However, this may not extend to urinary continence recovery.
Further, anatomical data such as membranous urethral length are not routinely collected in
MUSIC registry. Therefore, we were not able to account for patients’ anatomical differences in
our studies. Future studies should investigate variability in continence recovery by incorporating
pertinent anatomical data collected at biopsy and surgery. Also, future research should assess
whether anatomical data further improve the performance of preoperative and postoperative
prediction models.

Third, we do not know the minimum number of PRO questionnaires required for each

surgeon to reliably estimate the differences in patient reported outcomes between high and low
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volume surgeons. Our results show that about 65% of the surgeries in our cohort are performed
by high volume surgeons and only 13% of surgeries were performed by low and mid-low
volume surgeons. Our estimates are likely to be more precise for high volume surgeons and less
precise for low volume surgeons. Hence, future studies should investigate the minimum number
of PRO-questionnaires required to reliably assess the quality of care based on patient reported
outcomes.

Lastly, there is an opportunity to investigate the performance of models predicting early
continence recovery. Traditionally, EPIC-26 is administered at 3 months after surgery. Recently,
MUSIC began collecting PROs at 1 month after surgery, which provides an earlier assessment of
continence recovery. Prediction models based on month 1 outcomes may identify men who could
benefit from early interventions. If prediction models can help shorten the time between surgery
and early continence intervention, patient’s quality of life is likely to improve substantially.
Future work should focus on learning from all patients to improve the quality of life. The
Learning Health System has the potential to provide a platform to learn from all patients by
exploring what works in prostate cancer care, understanding why it works, and for whom does it

work to improve overall outcomes for all patients.

6.1 Implications: Learning from Patients in a Learning Health System

Prostate cancer is a common disease, yet it is also a clinically complex, heterogeneous
disease. Each prostate cancer patient presents with a complex set of biological, environmental,
and epigenetic differences and each patient responds differently to treatment(s). Over and under-
treatment of prostate cancer are widely recognized problems as variability in tumor biology and
patient factors make it challenging for clinicians to anticipate how a patient might do and how
soon a patient might regain function after clinical interventions. Therefore, prostate cancer care
is an appropriate focus for a Learning Health System (LHS) approach. An LHS approach
provides a framework for continuous learning through integration of research activities and
clinical practice and provides an opportunity to learn directly from patients through patient
reported outcomes.

The National Academies of Medicine envisioned an LHS . . . in which progress in

science, informatics, and care culture align to generate new knowledge as an ongoing, natural
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by-product of the care experience, and seamlessly refine and deliver best practices for continuous
improvement in health and healthcare.”?!> An LHS approach provides a platform to transform
how evidence is generated, aggregated, synthesized, disseminated and implemented. In an LHS,
internal data and experience are systematically integrated with external evidence and that
knowledge is put into practice.?'® The aspirational vision of LHS proposed by Friedman et. al.
advances cyclical learning that converts real-world data captured from clinical encounters into
new knowledge to continuously inform and improve clinical practice.!'?® The concept of LHS
assumes that the capture of practice changes and consequences of these changes generate new
data, complete the cycle and initiate subsequent iterations of the learning cycle to continue to
identify best practices and improve outcomes.?'*

A growing interest to include PROs in quality improvement and value-based
reimbursement have driven some policy changes at the national level. The Centers for Medicare
and Medicaid Services (CMS) has proposed a gradual implementation of PROs for symptom
management in oncology, reflecting the understanding that PROs should be included in policy
and reimbursement discussions. Policy must care about patient experience and outcomes and the
best mechanism to systematically collect the information is directly from patients in the form of
PROs. However, systematically collecting PROs and learning from patients has yet to be part of
a unifying agenda. Some high volume institutions have advanced patient-centered research by
focusing on PROS but only a few concerted efforts to collect PROs currently exist. MUSIC is an

exception and a leader in this space.

6.2 MUSIC as a Learning Health System Infrastructure

MUSIC is a physician-led quality improvement organization that strives to improve
quality of prostate cancer care activities by collecting clinically relevant data, comparing
performance among urologists, and sharing best practices across the state of Michigan. MUSIC
was founded in 2011 with support from Blue Cross and Blue Shield of Michigan.>? As a
continuous quality improvement organization, MUSIC is an infrastructure built on a set of strong
governing principles to support statewide improvement in outcomes related to prostate and
kidney diseases. MUSIC has developed data governance structures to collect data on urology

patients statewide and maintains a secure, web-based statewide urological care registry in
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Michigan.?!> MUSIC collects patient demographics, cancer characteristics including pathological
details from biopsies and confirmatory testing, health care utilization and outcomes for urologic
care.?!6217 MUSIC collaborative-wide data are available for analysis and quality improvement
activities’ and MUSIC offers a variety of mechanisms for continuous learning and skill
development for its member clinicians including video training, publications of findings from
real-world data, administration of clinical trials to test novel hypothesis, devices or techniques
among other learning activities.

MUSIC leaders have argued that variations in prostate cancer care is inevitable because
most prostate cancer patients with localized disease fall in the “grey areas” of clinical decision-
making. They proposed that regional cooperatives, such as MUSIC, can reduce variations in
outcomes by facilitating comparative feedback to clinicians on their patterns of care relative to
their peers and existing guidelines.?!® As prostate cancer care becomes more personalized, an
LHS approach help to further sort out these “grey areas.” Clinicians who treat prostate cancers
routinely confront difficult questions: does a patient need to be actively treated for his prostate
cancer? When does the patient need to be treated, how much, and in what order a treatment gives
the patient the most optimal outcome? Randomized trials could provide definitive answers to
these questions but may not be able to sort out all the “grey areas.” An LHS approach can help to
provide a framework to answer these questions and build evidence from real-world data. In a
learning health system, an iterative cycle begins with conversion of data to knowledge and when
this knowledge is applied in routine clinical practice, practice changes could improve quality of

care. The iterative cycle continues until desired outcomes are achieved.

MUSIC combines clinical care and quality improvement. At a very basic level, the
iterative cycle is a bi-directional feedback loop where data collection is embedded into care
delivery processes and care is changed in response to the evidence generated.?!’ Figure 11
illustrates how MUSIC combines these aspects while using the learning cycle to improve

outcomes in Michigan.

1. MUSIC receives clinical encounter and patient reported outcomes data
2. Data are systematically collated and analyzed by MUSIC
3. New knowledge is generated in the form of aggregated PRO reports, findings are

published in peer-reviewed journals and clinicians are educated
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4. MUSIC practices implement new knowledge by making changes to care delivery
processes and improving outcomes over time

5. Patients receive evidence-based care as a result of the implementation of new knowledge

6. Cyclical learning process continues as new knowledge is generated to improve patient

outcomes

Figure 25. Learning Health Cycle Conceptualization with MUSIC Activities
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By performing these activities, MUSIC has established itself as a strong statewide quality
improvement collaborative with its clinicians serving as a members of learning community.
MUSIC is in a strong place to continue providing quality improvement support to MUSIC
practices while also becoming a learning health system to achieve greater success. An LHS
approach could further advance MUSIC’s goal of being the number one in prostate cancer care

in the country.
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Chapter 7 Conclusion

Learning What Works and What Does Not Work in Prostate Cancer Care

Most of what we have learned in prostate cancer have come from randomized controlled
trials, longitudinal cohort studies and from routine clinical practice. Several major randomized
control trials and longitudinal cohort studies have been conducted over the past three decades to
understand more about the efficacy of prostate cancer screening and treatment. Most of these
trials were designed to answer many important questions, including whether screening and
treatments for prostate cancer have any mortality benefit. These trials significantly improved our
understanding of the disease, while others have added to ongoing uncertainties. Over the past
two decades, we have seen considerable progress towards building a greater understanding of
prostate cancer — what this disease is and what it is not. However, controversies are widespread
in prostate cancer care. Progress is incremental and often contentious as interests, experiences,
and training influence experts to arrive at different conclusions despite seeing the same data. The
words of Mulley and Barry written over two decades ago continue to reverberate, “the poorer the
evidence, the more discretionary the interpretation, and the more controversial the conclusion.”

The Learning Health System approach offers promise to find clarity in the murky waters
of prostate cancer care. Traditional clinical trials tend to evaluate head to head efficacy of one
treatment option over another option. Cohort studies observe temporal changes in outcomes but
seldom question why a treatment worked on some people and not on others. A Learning Health
System offers an opportunity to answer these questions and generate new knowledge by
systematically integrating clinical encounter and patient reported outcomes data with external
evidence including findings from randomized clinical trials and cohort studies. The vision of
converting real-world data through cyclical learning has the potential to continuously inform and
improve clinical practice and strengthen the evidence-base, reduce discretionary interpretation of

the evidence and support patient decision-making process.
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