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Abstract

Kidney Cancer has numerous subtypes with Clear Cell Renal Cell Carcinoma (ccRCC) being the most
common. Preexisting prognostic models have not been validated in Canadian patients for recurrence free
survival (RFS) arather outcomes. We conducted four studies: 1) externally validatedepisting RCC
prognostic models; 2) assessed the impact of baseline hazard function miscalibration on model
assessment; 3) created new models and risk groups for RFS-metastatic cRCC patients; 4) compared

new risk groups to existing Canadian guidelines and created new imaging schedukedstitg model
performance varied considerably with some models performing well. The effect of baseline hazard
function miscalibration variedaoss distribution shapes but the calibration slope was useful in relatively
ranking prognostic model performance. The CKCis prognostic model and risk groups performed better
than the existing CUA risk groups. Based on CKCis risk groups fewer scansnameereded in lowrisk

patients and more scans are recommended in higher risk patients. External validation of the CKCis model

is required to assess clinical utility in different populations.
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Chapter 1: Introduction
1.1 Rationale

1.1.1 Renal cell carcinoma
Renal cell carcinoma (RCC) malignancy which originates in the kidney parenchyma and accounts for

approximately 85% of renal tumours (1). RCC has multiple different histologic subtypes caused different
genetic mutations. Clear cell renal cell carcinoma (ccRCC), is the most comis¥) RCC subtype and

is most often caused by mutations in the tumour suppressor HippleLindau gene (2). The second most
common (~15%) RCC histologic subtype is papillary renal cell carcinoma (pRCC) and the third most
common (~5%) is chromophobe renalla@arcinoma (chRCC). Approximately 10% of patients with RCC
are symptomatic at clinical presentation. The most common symptoms are hematuria, flank pain, and a

palpable abdominal mass (2).

1.1.2 Incidence and risk factors for renal cell carcinoma
In Canada, thee were approximately 7500 new RCC diagnoses and 1950eR@d deaths in 2020 (3).

In Canada (Province of Quebec not included), the national kidney cancer incidence rate increased from
14.2 per 100,000 population in 2009 to 17.5 per 100,000 populatiod0il8 (4). As such, theyear

duration prevalence rate has also increased between 2006 and 2015 from 39.0 per 100,000 to 56.3 per
100,000 (4). RCC incidence has been associated with lifestyle related risk factors such as smoking,
increased body mass indealcohol consumption, and possibly a lack of physical activity (1). Medical
conditions associated with increased incidence of RCC include hypertension, chronic kidney disease, and
diabetes meillitus. Environmental exposure to trichloroethylene and ddstic acid may also be risk

factors for RCC(1).

1.1.3 Renal cell carcinoma diagnosis
RCC tumours are diagnosed during evaluation of signs/symptoms (eg hematuria) or incidentally (eg. at

the time of imaging for an unrelated issue, such as appendicitis). A tnemalur is identified during
imaging tests such as ultrasound, computed tomography (CT), or magnetic resonance imaging (MRI).
Given the high likelihood that a renal tumour is RCC, these tumours are often treated without biopsy. In
some patients, prdreatment percutaneous biopsy is performed to establish the histologic diagnosis and

help guide therapy.

1.1.4 Treatment of normetastatic renal cell carcinoma
Approximately 85% of patients with RCC are diagnosed prior to radiographic evidence of metastases (i.e.

cance spread to other areas of the body). Surgical resection is the most common and effective treatment

for these patients (5). Other, nesurgical management options include active surveillance (for small

1



tumours that may be indolent), percutaneous thermalatton (for tumours less than 3 cm), and radiation

(for patients who are too unwell for surgery).

Surgical resection (partial nephrectomy or radical nephrectomy) allows for histologic diagnosis of the
tumour and may be curative. Partial nephrectomy is selective removal of the tumour and preservation of
the surrounding kidney. Radical nephrectomy is osal of the entire tumour bearing kidney and

surrounding tissues (6).

1.1.5 Prognosis after renal cell carcinoma treatment
Unfortunately, some patients will have RCC recurrence after surgery and many patients with recurrence

will die from their disease. Recernce free survival is defined as the time between kidney cancer surgery

and last followup or the first incidence of kidney cancer recurrence gasgery. Cancespecific survival

is defined as the time between kidney cancer surgery and last falfmverdeath due to kidney cancer.

Overall survival is defined as the time between kidney cancer surgery and lastdpllondeath due to

any cause. The risk of recurrence at 2 years after surgery is 3.7% to 39.3% (7). Recurrence free survival
ranges from 1279%98.7% at Syears postsurgery in Clear Cell RCC patients (8). Clearly, the range of
reported outcomes are broad and are associated with clinical characteristics such as tumour stage and
patient age (7,910).

1.1.6 Followup of patients after surgery

The mostrecent Canadian clinical practice guidelines on the follow up of patients withmedastatic

kidney cancer was published by the Canadian Urological Association in 2018. They used evidence on risk

of recurrence and other clinical outcomes to devise pdtidallow-up schedules for medical
history/physical examination, blood tests, chestays and abdominal CT, MRI or ultrasound scans (5).

These followup schedules are stratified by pathological T and pathological N stage (5). Based on these
JdA RSt d ywRa] W[ GASyda NS GK2asS gAGK Lkwm adalkas Of
OF yOSNE WI AIK wAaalQ LI GASYyda KI @S Lo 2N LIXn &dl 3¢
any pathological T stage cancer (5). Other than tunstage, the CUA guidelines to not consider other

prognostic factors such as tumour grade.

1.1.7 Prognostic models
Prognostic modelling is defined as statistical modelling in which at least two laboratory based or clinical

parameters are combined to estimate pramgis for outcomes of interest in either entire patient

populations or for individual patients (11).



1.1.8 Benefits of prognostic models
The main benefit of prognostic models is to inform patients of their risk and to use that information to

optimize treatment osurveillance decisions. (11). Beyond individual patient care, prognostic models have
a wide range of applications such as informing public health policy, comparative effectiveness research,

health services research, and assessing baseline risk in diegstosties and clinical trials (12).

1.1.9 Potential problems with prognostic model research
Most prognostic models are developed in a specific sample of patients and these models may not perform

as well in a broader population of patients. Indepthgnostic models should be externally validated prior

to clinical use (11). Common prognostic model pitfalls are inadequate sample size and the poor data
quality, issues that are often exposed during external validatioAl@)1 There are also reportingsues

in prognostic model research that do not allow for validation. Many prognostic model publications do not
include important information to allow external validation. A common example of a reporting omission is
the baseline hazard function. The baselihazard function provides the underlying hazard of an event
occurring over time, or the underlying survival distribution (14). Failure to consider the baseline hazard
function of the population in which a prognostic model was developed may affect priigmosdel
assessment as the baseline hazard function of the population in which the model is assessed is imputed
without considering the original population in which the model was developed (14). Another significant
consideration is that prognostic modetsust be continuously evaluated over time as treatment efficacy
Oty OKIFy3aS YR GKS Y2RSt AdasStF¥ 0S02YSa || aGa@AO0OGAY
may be externally assessed on the population of interest and found to have excellentogptiagn
performance, the model then informs patient treatment decisions, the underlying distribution of clinical
events in the population changes as clinical decisions are impacted by the prognostic model and the model
no longer performs as well in the pojaition of interest (15). Therefore, prognostic models must be
continuously assessed over time with new prognostic models created to assure accurate prognosis

assessment among contemporary patients (15).

1.1.10 Prognostic models for patients with RCC
Over the lastwo decades, numerous prognostic models for kidney cancer recurrence free survival, cancer

specific survival, and overall survival have been created using laboratory and clinical data. Various
prognostic models have been developed for these clinical ouésoior all patients and patient subgroups

based on tumour histology or tumour stage. In addition to tumour features such as pathological T stage,
pathological N stage, nuclear grade, tumour necrosis, imaging size, sarcomatoid features and positive

margins,demographic variables such as age at surgery, race, and sex are also present in some prognostic

3



models. Clinical features such as Charlson comorbidity score, Eastern Cooperative Oncology Group (ECOG)
score, American Society of Anesthesiology (ASA) stiatmetes and hypertension have also been used as
predictors in preexisting models. The full list of prognostic models for kidney cancer recurrence, cancer
specific survival, and overall survival is provided in the next chapter. Some models for kidnety canc
recurrence have been externally validated in various populations (16). These studies had examined the

discriminative and calibration accuracy in different populations (16).

While prognostic models exist, there is a need to further assess model perfoenidiany existing models
have not been validated, the validation may not apply to contemporary patients, or the validation was
performed in single institutions. In addition, many prognostic models fail to specify the baseline hazard
function and externaVvalidation studies fail to consider the impact of differences in the baseline hazard

function between the populations in which the model was developed and validated.

1.1.11 Importance of this thesis
In addition to assessing existing models, it is possiat new prognostic models will improve clinical care

by more accurately informing patients of their prognosis and allowing for more appropriate follow up
imaging to detect recurrence. Importantly, establishing the most accurate models will allow ter bet
selection of patients for adjuvant treatments or inclusion into clinical trials. Thus, the aim of this thesis is
four-fold: 1. Identify and externally validate existing prognostic models in a large Canadian cohort, 2.
measure the impact of baseline fmad function misspecification on calibration and discrimination, 3.
create new prognostic models based using data from Canadian kidney cancer patients, and 4. create new

patient follow-up schedules based on newdgfined patient risk groups.

1.2 Objectives
Overall, in this thesis we aim to examine and improve the assessment of kidney cancer patients for risk of

recurrence and death using data from Canadian kidney cancer patients. Based on existing clinical

evidence, the following research objectives werdinked for this thesis:

Objective 1: Externally Assess the Performance of Existing Kidney Cancer Prognostic Models in Canadian

Patients

In Canadian kidney cancer patients, how do-@xésting prognostic models for kidney cancer recurrence
free survival, cacer specific survival and overall survival perform in terms of discrimination and

calibration?



Objective 2: Assess the Impact of Baseline Hazard Function Miscalibration on Assessment of

Discrimination and Calibration

As different clinical study populatiogve different underlying baseline hazard functions for the event

of interest, how does baseline hazard function miscalibration affect the assessment of calibration and
discrimination in the external assessment of prognostic models? Of the differentiteemused to
address this issue, does the ideal method of baseline hazard function adjustment vary based on the type

and level of deviation?

Objective 3: Create New Prognostic Models for Kidney Cancer Recurrence Free Sandv8&iratify

Patients into Patient Risk Groups

Can a new prognostic model for kidney cancer recurrence free survival be created based on data from
Canadian kidney cancer patients? How do these new models perform in terms of calibration and
discriminationcompared to preexisting prognostic models? Based on the new prognostic model created,

can patients be divided into risk groups?
Objective 4: Recommen@®ptimal Follow-up Schedules Based dRisk of Recurrence.
How does the optimal followap schedule vary ts@d on patient risk groups and recurrence free survival?

1.3 Chapter Descriptions
The research objectives discussed will be elaborated on as described below:

1 Chapters 2 provides evidence regarding-pristing prognostic models, introduces the patient
population of interest and explains theoretical concepts related to prognostic model validation
and development. Methods used in data analysis and prognostic model creation are also
explained here. Chapter 7 is an overall discussion section.

1 Chapter 3 elabotas on the first research objective and holds the first manuscript. This
manuscript contains analysis on the performance of-@xisting prognostic models on kidney
cancer recurrence free survival, cancer specific survival and overall survival in Candwksn
cancer patients.

1 Chapter 4 elaborates on the second research objective and holds the second manuscript. This
manuscript contains results from a simulation study examining the effects of baseline hazard
function on the assessment of calibration adidcrimination in external validation studies. This

study also compared various methods of incorporating baseline hazard function related



information against not adjusting for the original baseline hazard function. The final part of this
study examined whiber the selection of the best performing clinical model varied based on the
shape of the baseline hazard function assumed if researchers decide to impute a given type of
distribution.

1 Chapter 5 elaborates on the third research objective and holds theal tiianuscript. This
manuscript contains the new prognostic model for kidney cancer recurrence free survival. This
chapter also covers the creation of new risk groups.

1 Chapter 6 elaborates on the final research objective and holds the final manuscript. This
manuscript contains details on new patient risk groups based on the best performing prognostic
model for kidney cancer recurrence in addition to the revised patient fellpvechedules based

on patient risk groups.
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Chapter 2Background on Prognostic Factors and Prognostic Models

2.1The Importance of Early Detection of Renal Cell Carcinoma Recurrence
After surgical resection, clear cell renal cell carcinoma recurrence can theoretically occur anywhere, the

most common sites are in the lungs (70% of all recurrences), lymph nodes (45%), bones (32%), liver (18%)
and adrenal gland (10%) (1). Computed Torapby (CT) scans are used most often for abdominal
imaging and CT is much more sensitive than cha&alyxo detect metastases in the thorax. Magnetic
Resonance Imaging (MRI) scans can be also used as a substitute for CT or when greater soft tissue detail
is required, or when CT is not feasible (2). As most recurrences occur within three years of treatment,
most intense screening for recurrence occurs within this time (2). This may often by supplemented with
bone evaluations and brain scans on a elageasebasis (2). Although guidelines vary in terms of specific
time-points where imaging is required, all guidelines are consistent regarding two points: the
recommendation of more frequent imaging in higher risk patients (i.e. more aggressive or advaneed stag

disease) and the use of stage as a predictor of risk (2).

Early detection of recurrence may be important as it allows for consideration of salvage treatments when
the recurrent disease burden is lowest (3). For example, thermal ablation, radiatiorgtastasectomy

may be used to treat local disease recurrence or oligometastatic recurrence (2).

2.2 Prognostic Factors Potentially Associated with Kidney Cancer Clinical Outcomes
Prognostic models for kidney cancer recurrence free survival, cancer specific survival and overall survival

have numerous predictors as outlined here.

Tablel: Relationship Between Predictors in FEgisting Prognostic Models and Recurrence Free
SurvivalCancer Specific Survival and Overall Survival

Predictor

Definition

Association with
Recurrence Free
Survival

Association with
Cancer Specific
Survival

Association with
Overall Survival

Demographic Predictors

Age at Surgery

Each additional
decade in age
was associated
with increased
risk for death
from any cause
(HR=1.48, 1.31
1.67) (4).

This refers to the age of the
patient at time of surgery.

Older age has been
associated with a non
significant decrease in
recurrence risk (4).

Being between
42-91 yrs old has
been associated
with increased
cancer specific
mortality risk
(RR=2.3,
p<0.0001)
compared to
those aged 1412

yrs (5).




Sex This refers to whether a Female sex has been | Female sex has | Female sex has
LI 6ASyGQa &SE |associated with lower | been associated | been associated
risk of kidney cancer | with lower cancer| with lower risk of
recurrence (HR=0.64, | specificmortality | death from any
95%CI:0.479.829) (6).| (HR=0.70, cause (HR=0.80,
95%CI:0.60.80) | 95%CI:0.7-®.88)
). ).
Race/Ethnicity Race is often described as a | Race was not found to| In terms of In terms of

group of people with common
history, nationality, or
geographic dstribution.

Ethnicity is often a self
described belonging to an ethni

group.

be a significant
predictor of the risk of
recurrence (8).

race/ethnicity,
Black and White
race/ethnicities
were found to
have higher
kidney cacer
specific mortality
risk than patients
with other
race/ethnicity (9).

race/ethnicity,
Black
race/ethnicity
was associated
with higher
mortality
compared to
White
race/ethnicity
(HR=1.28,
95%Cl:1.04.64)
(20).

Tumour Related Predictors

Pathologic Tumour Size

Tumour size is usually defined |
the maximum tumour diameter
from the surgical specimen (6).

Increased tumour size
has been associated
with increased
recurrence risk
(HR=1.02, 95%CI:1:01
1.02) (6).

Increased tumour
size is associate
with increased
risk of cancer
specific death
(112).

Increased tumour
size is associateq
with increased
risk of death

from any cause
12).

Pathologic Tumour (pT)
stage

This refers to the T stage
component of the American
W2AYy(d [/ 2YYAGGOS
TNM gaging system based on
the surgical specimen (13). T1
and T2 tumours are restricted
the kidney only with T1 tumourg
having sizef cm and T2
tumours having size >7cm (14)|
T3 tumours are those invading
perinephric tissues and/or majg
veins and T4 tumasg extend
FAdZNIKSNJ GKIFy 0
(13).

pT34 stage kidney
cancer compared to
T1-2 stage cancer has
been associated with g
greater risk of
recurrence (HR=7.8,
95%Cl:5.41.3) (8).

pT2 (HR=3.69,
95%Cl:2.56.46),
pT3 (HR=7.76,
95%CI:5.72
10.53) ad pT4
(HR=22.69,
95%Cl:12.06
42.69) patients
have higher risk
of cancer specific
death compared
to T1 stage
patients (15).

pT2 (HR=1.97,
95%Cl:1.42.71),
pT3 (HR=4.43,
95%CIl:3.45.49)
and pT4
(HR=10.46,
95%CI:5.69
19.25) patients
have higher risk
of death from
any cause
compared to pT1
patients (15).

Pathologic Lymph Node
(pN) stage

pNx indicates that lymph node
involvement could not be
assessed since nodes were nol
surgically resected. pNO
indicates no cancer in resected

lymph nodes, and pN1 stage

pN1 is associated with
increased risk of
recurrence (HR=4.9,
95%Cl:3.96.7) (16).

pN1 is associated
with risk of
cancer specific
death (HR=8.4,
95%CI:5.23.6)

(15).

pN1 is associateq
with risk ofdeath
from any cause
(HR=6.5,
95%Cl:4.3.9)
(15).




indicates the presence of cance
in lymph nodes (13).

Nuclear Grade

Nuclear grade refers to the
microscopic appearance of the
cells. For clear cell carcinoma,
grade 1 has nuclei which are nc
clearly visible at 400x
magnification, grade 2 has
slightly large nuclei visible at
200x magnification, grade 3 hay
clearly visible nuclei at 100x
magnification and grade 4 has
large pleomorphic cells (16).

For ccRCC Graded3s
associated with
increased risk of
recurrence compared
to grade 12 (HR=1.02,
95%Cl:1.12.37) (14).

For ccRCC Grads
3-4 is associated
with increased
risk of cancer
specific death
compared to
grade 12
(HR=3.84,
95%Cl:2.66%.54)
(15)

For ccRCC Gradg
3-4 is associated
with increased
risk of death

from any cause
(HR=2.34,
95%Cl:1.78.05)
(15)

Tumour histologic
subtypes

Based on genetic etiology and
morphological features,
different subtypes of kidney
cancer exist. The most commol
are Clear Cell Carcinoma
(ccRCC), Papillary Renal Cell
Carcinoma (pRCC), and
Chromophobe Renal Cell
Carcinoma (chRg) (17).

ccRCC has been
associated with an
increased risk for
recurrence compared
to
chromophobe/papillary,
/oncocytoma (HR=2.2(
95%Cl:1.248.91) (14).

ChRCC has been
associated with
decreased risk of
cancer specific
mortality
compared to
clear cell (RR=D,
p=0.004) and
papillary RCC (5)

Clear cell RCC hg
been associated
with increased
risk of death

from any cause
(HR=1.01,
95%CI:0.7411.44)
(14).

Necrosis

Tumour necrosis is defined as
the nonischemic homogenous
accumulation of tumour cells
that aredead and degraded
(18).

Tumour necrosis has
been associated with
increase recurrence
risk (p=0.0003) (19).

Tumour necrosis
has been
associated with
increased cancer
specific mortality
risk (HR=2.70,
95%Cl:1.83.86)
(15).

Tumour necrosis
has been
associated with
increased
mortality risk
(HR=1.82,
95%Cl:1.32.53)
(15).

Lymphovascular Invasion

Lymphovascular invasion is
present when tumour cells are
located in spaces lined by
endothelium that lack muscular

Lymphovascular
invasion has been
associated with
increased kidney

Lymphovascular
invasion has bee
associated with
increased cancer

Lymphovascular
invasion has
been associated
with increased

walls (20). cancer recurrence specific mortality | all-cause
(OR=3.1,95%CR.2 (HR=3.6, mortality
4.2)(20). 95%Cl:2.5.3) (HR=2.66,
(15). 95%Cl:1.88.78)
(15).
Sarcomatoid Features Sarcomatoid features are While sarcomatoid Sarcomatoid Sarcomatoid
defined as tumour cells with features is associated | features is features is

giant cell and spindle cell
features with large variation in
morphology (21).

with increase risk of
kidney cancer
recurrence, this
increased risk was not
statistically significant
(22).

associated with
increased risk of
cancer specific
mortality
(HR=5.6,

associated with
increased risk of
all-cause
mortality
(HR=3.8,
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95%Cl:3.1:D.78)
(15).

95%Cl:2.25.47)
(15).

Perinephric and or Renal

Sinus Fat Invasion

Renal sinus fat invasion occurs
when tumour cells are in direct
contact with fat cells or renal
sinus stroma (2B Perinephric
fat invasion occurs when tumot
cells are in direct contact with
fat cells or perinephric stroma
(23). The presence of both or
either are key features of pT3a
stage tumours (23).

Neither were
significantly associate
with risk of kidney
cance recurrence (24).

Perinephric and
renal sinus fat
invasion was
associated with
increased risk for
cancer specific
mortality
(HR4.19 95%CI:
1.01-1.40 (25).

Perinephric and
renal sinus fat
invasion was
associated with
increased risk for
all-cause
mortality
(HR4.21,
95%Clt.06-1.38
(25).

Tumour Thrombus

Tumour thrombus is classified
into levels based on extension {
the tumour into the venous
circulatory system: level 0 is
defined as limited extension to
the renal vein, level 1 is definec
asextension <2cm from the
renal vein ostium, level 2 is
defined as extension between
>2cm from the renal vein ostiun
and the hepatic vein, level 3 is
defined as extension between
the hepatic vein and the
diaphragm and level 4 is define
as extension of theumour into
the right atrium (26). The
presence of tumour thrombus i
the key feature of pT3b/c stage
tumour.

When compared to
level 34 thrombus, the
level of tumour
thrombus does not
significantly affect
recurrence free
survival (26).

When compared
to level 34
thrombus, the
level of tumour
thrombus does
not significantly
affect cancer
specific survival
(26).

When compared
to level 34
thrombus, the
level of tumour
thrombus does
not significantly
affect overall
survival (26).

Extension Beyond Kidney,

Thisrefers to whether the
tumour extends beyond the
DSNRGIF Qa FI a0
into adjacent tissues, such as tf
liver, spleen, intestine,
diaphragm, or skeletal muscle.
This is the key feature of pT4
stage tumour.

Extension beyond the
kidney is associate
with increased risk for
kidney cancer
recurrence (HR=1.86,
95%Cl:1.2:2.70) (11).

Extension beyong
the kidney may
be a factor
affecting cancer
specific survival
in Clear Cell RC(Q
patients(11).

Extension beyong
the kidney has
historically
resulted in higler
death rates when
compared to
localized kidney
cancer (27).

Positive Margin

Positive margins are ascertaing
by examining inked tissue
specimens used in the
pathological evaluation of
kidney cancer with the presenci
of aggregated tumour cells at
the inked margin indicating

positive surgical margins (28).

Positive margins are
not associated with
recurrence free
survival (28).

Positive margins
are not
associated with
cancer specific
survival (28).

Positive margins
are not
associated with
overall suvival
(28).
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Clinical Predictors

Surgical extent

This refers to whether a patient
was treated with partial or
radical nephrectomy. Partial
nephrectomy indicates that only
the portion of the kidney
bearing the tumour is resected.
Radicahephrectomy indicates
that the entire kidney and
surrounding tissue is resected.

Partial nephrectomy
has been associated
with lower kidney
cancer recurrence risk
compared to radical
nephrectomy
(HR=0.37, 95%CI: 0:24
0.55) (8).

Partial
nephrectomy has
beenassociated
with lower risk of
cancer specific
mortality
(HR=0.17, 95%C
0.12-0.25) (29).

Partial
nephrectomy has
been associated
with lower risk of
death from any
cause (HR=0.46,
95%CI:0.38®.55)
(29).

Clinical Presentation (i.e.

Symptoms at ahical

Local symptoms

While local

Local or systemic

symptoms) presentation. Incidental (HR=1.98, 95%CI:1-45 symptoms did symptoms were
tumours are defined as those | 2.64) and systemic not significantly | associated with
found without any symptoms | symptoms (HR=4.10, | increase the risk | an increased risk
(i.e. those found when 95%CI:2.9%.69) have | of cancer specific| of death from
examining other medical been shown to death, systemic | any cause
conditions) (6). Examples of increase the risk of symptoms (HR=1.57,
local signs/symptoms include | kidney cancer increased the risk 95%CI:1.222.03)
hematuria and flank pain; recurrence (6). of cancer specific| (14).
examples of systemic symptom death (RR=2.6,
includeweight loss and fatigue p=0.001) (30).
(6).

ECOG Score ECOG sceris a clinical measurg ECOG scores >0 Increased ECOG| Increased ECOG

of function and can be classifie:
as follows: 0 indicated complete
functioning without restrictions,
1 indicates functioning with mil
physical restrictions, 2 indicateg
the ability to complete all self
care related tasks but unabte
work, 3 indicates limited
capacity for seltare, 4 indicates
complete disability and 5
indicates being deceased (31).

increase the risk of
recurrence but this
increase is not
statistically significant
(32).

scores result in
increased risk of
cancer specific
mortality
(HR=2.3,
95%Cl:1.8.5)
(33).

scores result in
increased risk of
death from any
cause (HR=2.1,
95%Cl:1.8.7)
(33).

Diabetes Mellitus

This refers to whether a pint
has diabetes mellitus.

Diabetes has been
associated with
increased kidney
cancer recurrence risk
(HR=1.95, 95%CI: 1:2]
3.09) (8).

Diabetes has
been associated
with a non
significant
increase in
cancer specific
mortality risk
(HR=1.13,
95%CI:0.74..62)
(34).

Diabetes has
been associated
with a non
significant
increase in the
risk of allcause
mortality
(HR=1.14,0.94
1.38) (34).

Hypertension

This refers to whether a patient
has hypertension.

Hypertension has beer
associated with
increased kidney

Hypertension has
been associated
with increased

Hypertension hag
been associated
with increased
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cance recurrence risk | cancer specific | all-cause
(HR=1.8, 95%CI: 1.2 | mortality mortality
2.7) (8). (HR=1.5, (HR=1.4,
95%ClI:1.2.0) 95%Cl:1.41.8)
(15). (15).
ASA Eore The American Society of Higher ASA scores we| ASA scores of 3 | ASA scores of 3
Anesthesiologists (ASA) score | associated with and 4 were and 4 were

a scoring system used to classi
patient status and has the
following categories:1=normal
healthy patient, 2=patient has
mild systemic disease, 3=patie]
has nonlife threatening severe
systemt disease, 4=patient has
life threatening severe systemic
disease, 5=patient that is not
expected to survive without
operation and 6=patient that is
brain dead and being considerg
as an organ donor (15).

increased 8k of kidney
cancer recurrence
(HR=1.6, 95%CI: 1.2
2.1) (8).

associated with
higher risk of
kidney cancer
specific mortality
compared to ASA
scores of 1 and 2
(HR=3.2,
95%Cl:2.5.3)
(15).

associated wh
higher risk of
mortality
compared to ASA
scores of 1 and 2
(HR=4.2, 95%CI:
2.95.9) (15).

Age adjusted Charlson €
morbidity Score

The Charlson emorbidity score
is @ measure used to define
patient health status. In this
score, eaclto-morbidity is given
a point value based on its
O2y iNRoOdziAZ2Y
mortality risk. In the age
adjusted Charlson emorbidity
score, each decade over the ag¢
of 40 is given one point up to a
maximum of 4 points and this is
I RRSR (2 GoasS L.
points based on conorbidity
(35).

The age adjusted
Charlson camorbidity
score is not associated
with recurrence risk
(36).

Age adjusted
Charlson ce
morbidity scores
above 6 were
associated with
an increased
cancer specific
mortality risk
(HR=9.4,
95%Cl:2.63.7)
(36).

Age adjusted
Charlson ce
morbidity scores
of 45 (HR=2.7,
95%ClI:1.56.4)
andxg (HR=12.8,
95%CI:5.832.1)
were associated
with increased
mortality risk
(36).

Adrenalectomy

Adrenalectomy is the surgical
removal of the adrenlagland
(37).

Adrenalectomy is
associated with
increased risk of kidne)
cancer recurrence
(HR=1.2, 95%ClI:1107)

(38).

Adrenalectomy is
not associated
with cancer
specific survival
(HR=1.1, 95%Cl:

0.951.22) (39).

Adrenalectomy is
not associated
with overall
survival
(HR=1.09, 95%C
0.86-1.38) (38).

Abbreviations:HR=Hazard Ratio; CI=Confidence Interval; RR=Risk Ratio; pT=pathological T stage; pN=pathological N
stage; T=T stag&sCRCGUGlear Cell CarcinompRCCRapillary Renal Cell CarcinontddRCGzhranophobe Renal
Cell CarcinomaRCC=Renal Cell Carcinoma

The age adjusted Charlson-@orbidity score could be calculated using the following with one point

added for each conorbidity present:
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Table2: Age Adjusted Charlson @uorbidity Score Calculation (35)

Number of Points Comorbidity

1 Myocardial Infarction, congestive heart failure,
peripheral vascular disease, cerebral vascular
disease, dementia, Chronic Obstructive
Pulmonary Diseas€COPD), connective tissue
disease, ulcers, mild liver disease, diabetes

2 Hemiplegia, moderate/severe renal disease,
diabetes with enebrgan disease, any tumour,
leukemia/lymphoma

3 Moderate/severe liver disease

6 Metastatic solid tumour, Acquired
Immunodeficiency Syndrome (AIDS)

1 1 point for each decade above 40 years of age

to a maximum of 4 points for ages 70 and aboy

2.3Importance of Prognostic Models
In addition to improving patient counselling, the implementation of prognostic models also have other

benefits. Prognostic models inform public health policy through modelling disease burden in the
population, allowing for the assessment of primary andoselary prevention healthcare activities (40).
Comparative effective and health services research also evaluates healthcare interventions through
changes in prognosis over time or examining prognostic distributionygreostintervention (40). While
newtechnology allows for the identification of new disease markers, clinicians must examine if prognosis
changes due to the implementation of these new techniques (40). Prognostic models also model outcome
distributions across clinical trial arms, assistivith sample size calculation (40). The use of prognostic
models also detects disease mechanisms through the examination of prognostic outcomes in rare diseases
(40). Additional information to understand diagnosis and improve clinical management may also be
obtained from prognostic models (40). Finally, understanding the distribution of prognosis can contribute
to the definition of disease characteristics (40). Given the wide range of benefits of using prognostic
models, it is important to study prognosticadels in great detail prior to use to improve patient

outcomes.

2.4PreEXxisting Prognostic Models
Over the past 20 years, numerous prognostic models have been developed to estimate kidney cancer

recurrence free survival, cancer specific survival, andadveurvival. Prognostic models have been

created for all renal cell carcinoma (RCC) patients and specific patient subgroups (e.g. specific to RCC

14



histologic subtypes or low/high stage) (41). The-gxesting prognostic models included in this thesis are

summarized below (Table 3).

Table3: Kidney Cancer Recurrence, Cancer Specific Survival, Overall Survival Prognostic Models

Model

Patient Population Used to Generate Model

Prognostic Factors in Model;-&atistic
Reported Parameter Selection Method

Cancer Recurrence Free Survival Prognostic Models

All Histologic RCC Subtypes

Yaycioglu et al

N=296; Open nephrectomy patierggcluding bilateral

Clinical presentation, size largest tumour

2001(42) synchronous disease or metastases, von Hijpjredlau disease, c-statistic not availablgparameter
lymphadenopathy, tumourtha E G Sy Ra ¥ dzNJi K S N selection method not given
fascia nor vena cava involved further than diaphragm
Cindolo et al, | N=660;Surgical patientexcluding bilateral Clinical presentation, size largest tumour
2003(43) synchronous/metachronous disease, von Hippieldau disease, | c-statistic not availableforward selection
Gdzy2dzNJ GKIF G SEGSYR& T dzNI KSNJ | used to select arameters
lymphadenopathy nor metastases
Zisman et al, | N=814;Surgical patientfor unilateral kidney cancer Pathological T stage, Nuclear Grade, EC
2002(44) pathological N stage:statistic not
available parameter selection method not
given
Kattan et al, N=601; Paitl or radical nephrectomy patients for unilateral Clinical Presentation, Histology,
2001(45) tumours. Excludingpilateral synchronous disease, metastases, | pathological T stage, size largest tumour;

lymph node positive disease

¢=0.74 parameter selection method no
given

Yacioglu et al,

N=1889;Surgical patients excludingon HippeiLindau disease or

Age at surgengender, clinical

2013 (6) bilateral tumours presentation, imaging size, clinical T stag
radiological lymph nodeg&linical N stage)
c-statistic=0.74 used all parameters
significant in univariate analysis to create
multivariate models

van der Mijn | N=873Surgically treated (radical or partial nephrectomy) patien] Gender extent, ASA score, pathological T|

etal, 20198) |withnon-YSiGF adl G6AO 1ARySe& OF yOS N, stage, nuclear grade, WHO kidney cance

underwent partial or radical nephrectomy histologyclassification, diabetes mellitus,
hypertension; estatistic not reported used
all parameters significant in univariate
analysis to create multivariate models

Passalacquat | N=310;Surgically treated (radical or partial nephrectomy) patgern Age, pathological T stage, nuclear grade,

al 2014(46) with aged <75 years pathological nodal status (pathological N

stage); estatistic not reported; parameter
selection method not given

Clear Cell Renal Cell Carcinoma Patients

Leibovich et al
2003(16)

N=1671; Radical nephrectomy patients for clear cell renal cell
carcinomaexcluding bilateral synchronous tumours, hereditary
cancers, von Hippélindau and tuberous sclerosis syndromes,

Wilms tumour, metastases, age <18 years

Pathological T stage, pathglical N stage,
nuclear grade, necrosis, size largest
tumour; c=0.819stepwise selection used
to select parameters
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Sorbellini et al,
2005(47)

N=701; Nephrectomy patients for clear cell renal cell carcinomg
excluding pT3c/pT4 cancers, metastases, von Hippel Lindau
disease, hereditary papillary renal cell carcinoma, bilateral tumg

Size largest tumour, pathological T stage
nuclear grade, neosis, lymphovascular
invasion, clinical presentation; ¢c=0;82
parameter selection method not given

Leibovich et al
2018Clear
Cell Renal Cell
Carcinoma
(cRCC) (11)

N=2726; Clear cell renal cell carcinoma. Excluding metastatic
patients

dinical presentatin, nuclear grade,
necrosis, sarcomatoid, size largest tumol
perinephric or renal sinus fat invasion,
tumour thrombus, extension beyond
kidney, nodal involvement=0.8 for
ccRCdprward selection and backward
selection (

Papillary Renal Cell Carama Patients

Klatte et al,
2019(48)

N=556; Sporadic nhemetastatic, unilateral kidney cancer patient
with papillary renal cell carcinomsho underwent partial or
radical nephrectomy

Size largest tumour, pathological T stage
pathological N stage, nuclegrade, venous
tumour thrombus; estatistic not reported
backward selection used to select
parameters

Leibovich et al
2018Papillary
Renal Cell
Carcinoma
(PRCC) (11)

N=607; Nonmetastatic pRCC

Nuclear grade, perinephric or renal sinus
fat invasion, tumour thrombusc=077;
parameter selection method not given

Chromophobe Renal Cell Carcinoma Patients

Leibovich et al
2018

N=222: Noametastatic chRCC

Nuclear grade, perinephric or renal sinus
fat invasion, tumour thrombusc=078 for

Chromophobe pRCCparameter selection method not
Renal Cell given
Carcinoma
(chRCC) (11)
High Risk Patient®nly
Correaetal, | N=1943; Kidney cancer patients with pathological stage pT1b g Lymphovascular invasion,histological
2021 (49) nuclear grade G3/G4 or pathological stauje?/3/4 or pathological | subtype, size largest tumour, nuclear
nodal stage pN1 who underwent radical nephrectomy grade, necrosis, regional lymph nodes
(pathological N stage); ¢=0.68; include al
clinically significant véables whose
inclusion resulted imKL% increase in-c
statistic
Low Risk Patient®©nly
vanderMiin [NonY Sl adl GAO 1ARyS@& OF yOSNJ L{Genderextent, ASA score, pathological T

et al 2019 (8)

underwent partial or radical nephrectonwith pathological T1/T2
stage

stage, nuclear grade, WHO kidney cance
histology classification, diabetes mellitus,
hypertension; estatistic not reported used
all parameters significant in univariate
analysis tacreate multivariate models

Cancer Specifi

¢ Survival Prognostic Models

All Patients
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Kutikov et al, | N=30801; Kidney Cancer patients who underwent surgery ageq Race, Gender, age at diagnosis, size larg

2010(9) xon &@SIFENAR YR (Gdzy2dzNJ &A1 S f H|tumour; cstatistic not availableparameter
selection method not given

Kutikov et al, | N=6665; First time kidney cancer patieitscludinghodalpositive, | Race, Gendesize largest tumour,

2012(50) ageunder 66 years, uncommon histological subty@ex tumours| Charlson Comorbidity Score, age at

>20cm diagnosis; statistic not availablg

parameter selection method not given

Zisman et al, | N=814; Patients who underwent surgery for unilateral kidney | Pathological T stage, Nuclear @gaECOG

2002(44) cancer pathological N stage:-statistic not

available parameter selection method not
given

Clear Cell Renal Cell Carcinoma Patients

Frank et al,
2002 (51)

N=1801; ccRCC patients who underwent radical nephrectomy
excluding: bilateral synchronousmors, herediary von Hippel

Lindau or tuberous sclerosis syndromes, Wilms tumor and thog
3SR Xmy &SIN&E |G adzNBSNE

Pathological T stage, pathological N stag
pathological M stage, size largest tumour
nuclear grade, necrosis;statistic =0.841;
stepwiseselection used to create
multivariate models

Leibovich et al
2018Clear
Cell Renal Cell
Carcinoma
(cRCC) (11)

N=2726; Nommetastatic ccRCC

Age at surgery, ECOG score,
adrenalectomy, positive margindjrical
presentation,nuclear grade, necrosis,
sarcomatoid, size largest tumour,
perinephric or renal sinus fat invasion,
tumour thrombus, nodal involvement
¢=0.8 for ccRCdprward selection and
backward selection (Clear Cell Renal Cel
Carcinoma only) used to select paraers

Papillary Renal Cell Carcinoma Patients

Leibovich et al
2018Papillary
Renal Cell
Carcinoma

(PRCC) (11)

N=607; Nonmetastatic pPRCC

Nuclear grade, perinephric or renal sinus
fat invasion, tumour thrombusc=083 for
pRCCparameterselection method not
given

Overall Survival Prognostic Models

All Patients

Zisman et al, | N=661; Renal cell carcinoma patients who underwent radical o| ECOG score, nuclear grade, size largest

2001 (12) partial nephrectomy tumour; cstatistic not availble; forward
selection used to select parameters

Zisman et al, | N=814; Patients who underwent surgery for unilateral kidney | Pathological T stage, Nuclear Grade, EC

2002 (44) cancer pathological N stage:-statistic not
available; parameteselection method not
given

Passalacquat | N=310;Kidney cancer patients aged <75 years who underwent | Age, pathological T stage, nuclear grade,

al 2014(46) partial or radical nephrectomy pathological nodal status (pathological N

stage); estatistic not reported; parameter
selection method not given

High Risk Patients
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Correa etal, | N=1943; Kidney cancer patients with pathological stage pT1b g Age at surgery, histological subtype, size
2021 (49) nuclear grade G3/G4 or pathological stage pT2/3/4 or patholog| largest tumour, nuclear grade, necrosis,
nodal stage pN1 whonderwent radical nephrectomy regional lymph nodes (pathological N
stage); ¢=0.69; include all clinically
significant variables whose inclusion
resulted inKl%increase in sstatistic

AbbreviationsN=number of patients; c=statistic; G=grade;pT=pathological T stage; pN=pathological N
stage; ECOG=Eastern Cooperative Oncology Group, ASA=American Society of Anesthesiologists

2.5Methods Used to Assess AccuratPrediction Models
Minimum sample sizes are required for validation of a prognostic model and empirical procedures

have been developed to estimate the minimum required sample size for external validation of prognostic
models (52). To start, the followingarameters must be specified: time point, linear predictor value,
survival function, survival time distribution, censoring time distribution and targeted standard error (i.e.
0.05) (52). Second, an arbitrary sample size is suggested and a dataset vsitiygested sample size is
created (52). Possible linear predictor values for the sample size are simulated and the values of a function
using the baseline hazard function and linear predictor values are subsequently generated for each
observation in the preiously simulated dataset (52). Survival times are generated from the parameters
specified in the first step adjusting for the linear predictor (52). The censoring distribution is generated
and the maximum followup time is specified (52). Simulated obs#igons are generated based on the
previous steps and the estimated calibration slope and standard error are calculated (52). All steps
between the second and seventh step are repeated and the estimates are saved (52). The mean
calibration slope and meanatdard error are calculated and compared against the targeted standard
error; sufficient sample size is achieved when the mean standard error is approximately equal to the
targeted standard error (52). If this is not achieved, this process is repeateglasiifferent sample size

(52).

If the sample size is adequate, common methods used to assess the accuracy of a prognostic model

include estatistics, calibration curves, Brier Scores, and decision curve analysis.

2.5.1 DiscriminatiorS-statistic and @ndex

I I NNEBEfGfI sk a@ A O dzaSa YSyRItf Qa (0l dbasERmélhad feifiigoNBS R & dz
ordered pairs; this method also relies on convergence to a measure of association obtained when the
censoring distribution istudied (53). The-statistic is a measure of discriminative ability of a model and

is quantified using the area under the receiver operating curve, which is generated when the false positive

rate is plotted against the true positive rate (54). Atatistic of 1.0 signifies perfect discrimination as it
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means that the individual with higher risk of the event is identified among all possible pairs of individuals;
a cstatistic of 0.5 indicates no discriminative ability (54). As suckstatisticx).7 oftenindicates some
clinical utility to discriminate. Theindex gives discriminative ability over time and is the proportion of
pairs where the higher risk individual is identified correctly when a subset of all individuals with-figllow
times from baselie until a predefined time point is generated (55). However, thestatistic has
limitations such as dependence on the censoring distribution (55), dependence on the distribution of
event time and nodinear relationship between-statistic and the numbeof errors when identifying the

individual with higher risk of the event (56).

2.5.2 Calibration Curve
A calibration curve is used to assess predictive performance of prognostic models by plotting the predicted

and observed probability of evedffitee survival in groups of patients (57). In calibration curves for survival
analysis, KaplaMeier analysis is &sl to obtain observed event free survival, plotted on thaxys, and

the predicted probability is obtained from the fitted Cox Proportional Hazards model (57). Kdpian
survival analysis has the following fundamental assumptions: censoring probability dependent on
outcome; survival probabilities are consistent at the time of enroliment and the events actually occurred
at the observed specific timpoint (58). The inverse survival probability, probability that an individual is
eventfree at a speific time point may be given as 0 ‘O£ 0 Q¥4 i'Q) QU G a

0640l Qil® a0 QL o
06a0le Qi Q ?SIB)

Smoothed calibration curves generated using habkasgd

regression were used to visually assesighration as comparative analyses of various calibration methods

showed that this method had the best performance under circumstances of model misspecification (59).

2.5.3 Brier Score
The Brier Score is a measure of the usefulness of clinical modemujtaneously measuring

discrimination and calibration (60,61). Brier scores range from 0 to 1 with values closer to 0 indicating
better discrimination and calibration (60). The Brier Score is calculated from taking the average over all
observations oftie squared difference between the event status at a given time point (0 or 1) and the
predicted evenifree survival probability weighted for the censoring probability (61). The Brier Score is
prone to limitations such as being dependent on the prevalenc¢he event and its usefulness in
assessing clinical models questioned as models with the lowest Brier Scores may not always have the best
discrimination or calibration (60). As such, it is important to include other assessments of calibration and

discrimhation in addition to Brier Scores.
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2.5.4 Decision Curve Analysis
Decision curve analysis can be applied to consider the clinical consequences of using a prognostic model

(62). The net benefit compares the benefits and harms of prognostic approaches @azhipassuming
no one will recur or every patient will recur (62). After defining the probability threshold of patient risk,

the number of true and false positives are obtained (63). The net benefit is computed using the given

formula: 0 Qd Q¢ Q'QQ , Wwhere 0=total sample size and

n =threshold probability (62). This calculation is repeated for the entire range of threshold probability and

this procedure is repeated for allggnostic models under consideration (in addition to the default states

of assuming all patients or no patients will recur) (62). An alternative formulation of net benefit depends

on sensitivity, prevalence, specificity and odds of the evan} @t the threshold probability:

0 QBd'Q: QACAE | Q0 PO VO 'Yt ®'A QO 'QQOD APV & & 'QE (62N
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useful threshold probabilities (63). For example, for consideration of an effective adjuvant therapy in

kidney cancer (which may have toxicity) recurrence model thresholds that are too low agtagabre not

clinically useful. We would assume the clinically useful thresholds for most patients with kidney cancer

would be between 20% and 30%.

There are two main limitations to decision curve analysis (64). First, the assumption of predicted
probabiity of events and threshold probabilities being independent ignores confounding factors that may

affect both the predicted probability and threshold probability (i.e. age can affect the probability that

disease recurrence may occur and the threshold prdigthat a patient prefers) (64). In addition to this,

decision curve analysis has limited analytic options to quantify variance (tools such as confidence intervals

are under development) (64).

2.6 Cox Proportional Hazards Model
For the purposes of thihesis, we are interested in prognostic models that asene-to-event

outcome (recurrence).

The Cox Proportional Hazards model is a ggamametric multivariate model used for survival analysis,
examining the relationship between various parameters amdntfree survival without assuming any
given shape of the baseline hazard function (65). This model is specified®s 1 Q0 dw

E &® where'Qo =hazard at time tQ=baseline hazard (defined as the hazard when all covariates
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are equato 0), ® 8 @ refer to covariates associated with 8 ¢ are coefficientsg5). The proportional
hazards assumption is the main assumption when creating Cox Proportional Hazards models and requires
that the relative hazard of an event is constaneptime (66). Common methods used to assess Cox
Proportional Hazards assumption include the visual assessment of Schoenfeld residual plots (65) and
examining logarithmic scale cumulative hazard plots with-aeerlap or considerable separation of
curves imicating that the assumption is not met (6Hazard ratios compare the relative hazard of one
level of a predictor relative to a baseline level to provide a comparison of relative risk with hazard ratios
above one indicating increased risk and below one indicating decreased risk (68). Important
consderations in Cox Proportional Hazards modelling are: time dependent variables pose complications
as the Cox Proportional Hazard model requires that all variables are specified at the start of survival time,
there must also be a sufficient number of evefus reliability or the number of parameters that can be
included will be limited, there must be sufficient sample size for statistical power and if censoring rates

are different in different groups compared, estimates will be biased (68).

2.7Prognostic Mdel Variable Selection Methods
Various techniques are used for parameter selection in the development of prognostic models. A

summary of methods used in this thesis is shown in the table below. While one technique is typically used
in model development, & used each of the techniques below in this thesis to gain experience and

compare outcomes using various approaches.

Table4: Parameter Selection Methods for Prognostic Model Building

Method

Description Advantages Disadvantages

Forward Selection (69)

1 This method sequentially adc
individual variables to the
model. First, start with a
model without variables,
iteratively test addition of
each variable and add the
most significant variable (i.e.
variable with largest test
statistic or lowest pvalue).
This process repeats until all
the significant variables are
added to the model.

9 This model is less prone to
problems arising from
collinearity.

1 During the process of adding
variables, an existing variable
in the model may become
insignificant. It is not pasble
to remove the insignificant
variable.

Backward Selection (69

1 Starting with all model
parameters, the least
significant parameter (i.e.
variable with smallest test
statistic or highest walue) is

1 The predictive ability of
variables when combined
with other variables can be
examined using this method.

1 Once a variable is dpped
from the model, it is not
possible to add the variable t
the model despite the
possibility that the variable
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sequentially dropped with the
model refitted ateach step to
account for existing variables
This process is repeated unti
only significant variables are
present in the model.

can be significant if added at
later step.

Stepwise Selection (69

9 This method has the
properties of forward and
backward selection. Téi
method can start with
forward selection to add
variables and then perform
backward selection to removi
variables from the model. Thi
pattern repeats until all
significant variables are
included. Significance tests
are required at both steps.

1 This method is easy to use
and allows for the
examination of the effects of
different groupings of
variables that may not be
intuitive to the researcher.

1 This method is prone to issue
due to collinearity and bias in
regression coefficients.

Elastic NePenalization
(70,71)

9 This technique is a
modification of LASSO basec
parameter selection using twi
linear regressiofbased
penalties. The second
penalty-imposed groups
intercorrelated variables
together, resulting in the
retention or deletion of
parametes as a group.

1 This technique is more
effective when there are
more predictors than
observations.

1 Due to parameter grouping,
there is the potential to
include too many parameters

Resampling Based
Variable Selection (72)

1 Repeated bootstrap sampling
with replacement is
performed to select
parameters.

1 The stability provided by
bootstrap estimates helps
control the false discovery
rate.

1 Further study is needed to
determine the most
appropriate sampling rate.

2.8Nomogram Creation
A common method used to build easy to use nomograms for the prediction of outcomes in cancer patients

weighs parameters based on their relative contribution to the predicted risk of an outcome (as opposed

to their statistical significance) (73). Once thex@®roportional Hazards model with all parameters has

been fitted, the coefficients for all categorical is retained and theoefficients for quantitative variables

are recalculated by multiplying tHevalue from the model by the range (difference besn maximum

and minimum) of the variable values (73). The maximum ofi tleeefficients 1(

) for categorical

variables and the recalculatédvalues of quantitative variables is obtained (73). The number of points

for each variable and category islculated by using the following equatioh:¢ Q¢ ¢ it T—— with

22



the number of points rounded to the nearest whole number for categorical variaB®s Quantitative
variables must be readjusted as per the following formula to obtain the number of points for each unit of
iKS G NAIF oS 02@S iKS DI NRI 6E RO ai Y A

(73).

2.9Minimum Sample Size Required for Model Development
Adequate sample size is important for validation of existing models. Similarly, it is ptstain to assess

adequacy of sample size for a new prediction model. To estimate sample size, parameters such as ¢
statistic, CoX{ y S f2 stdlistic, laglikelihood of the final model, the number of events, population size
and total followup time canbe used (74). Complete mathematical and statistical formulae have been
previously described (74). Once the number of parameters has been specified, values for such as the Cox
{ y S f?far@ &alculated using the-statistic of the model and the number of ents (74). Using the
formulae specified, the sample size required to achieve a global shrinkage factor of 0.9 is determined (74).
Based on the adjusted G§xy" S f2\falOeicalomlated in the second step, the shrinkage factor is calculated;

if the calculatel value is less than 0.9, no further calculations are required (74). Based on the event rate
and followup time, the overall risk interval size is calculated using the exponential model to ensure that
the interval is sufficiently narrow (74). The samplgghneeting all these criteria is used as the minimum
required sample size for model development (74). If it is not possible to meet the sample size required,

the expected shrinkage can be decreased; but this could increase model overfitting (74).

2.10 Mockl performance
In addition to estatistics/cindex over time, calibration plots and decision curve analysis, calibration slopes

can be used for internal validation of prognostic models.

2.10.1 Calibration Slopes
It has been previously mentioned that in the absence of information on the baseline hazard function, the

Cox Proportional Hazard model is fitted, as is, and the calibration slope is given by the value of the
coefficienti (75). The calibration slope obtad by performing regression analysis using the predicted
eventfree survival and observed evefree survival is an indicator of model performance with values that
are close to 1 suggesting excellent calibration. Calibration slopes that are extremelydgess poor
calibration and high potential for model overfit (76). Calibration slopes are a simple way to assesses
calibration (because it is quantitative), but in general, calibration plots are preferred because it is possible

to obtain calibration slopesiear 1, even when accuracy is low (i.e. linear calibration curves with
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consistently higher or lower observed event rates compared to the predicted event rate) (77). Calibration

plots also provide ranges of predicted risk where the model is more (ordesdigtive of outcome.

2.10.2 Internal Validation: Bootstrap Sampling ¥slckValidation
Bootstrapping uses sampling with replacement to estimate the values of parameters using the mean and

confidence intervals of the parameter values for all selectoh@es (78). This is often the preferred
method for internal validation (78). While thousands of bootstrap samples can be used for the most
conservative parameter estimates, 1800 samples have been shown to be sufficient to generate
computationally robusestimates of parameter values (79) and the most frequently used sampling rate is
0.632 (i.e. a sample size that is 63.2% of the total sample size) (80). Key limitations of bootstrap sampling
include: processing time required, bootstrap estimates varpaged on individuals included in bootstrap
samples and the dependence of bootstrap parameter estimate on the parameter estimate in each

individual bootstrap value (81).

An alternate method of internal validation iséld validation. Kold validation inwlves the division of the

total sample into k sutisamples with one sample used as the training set and the others used as the testing
datasets (82). K different estimates of parameter values are generated, and these are pooled to create
an overall estimag (82). Typically, k=10 is used (82) and this method has been identified as the best
performing method in addition to bootstrapased methods (83). Limitations of this method include: the
need to evaluate the given algorithm k times, training sets andgett not being independent as both

originate from the same dataset, and larger variances in estimates generated using this method (83).

2.10.3 Handling Missing Data: Multiple Imputation Sensitivity Analysis
Missing data can be described using three catégp: missing completely at random (MCAR), missing at

random (MAR), and missing not at random (MNAR) (84). MCAR assumes that all cases have equal
probability of having missing data (e.g. equipment used to weigh kidney cancer patients is broken, which
resuts in no patients having observations for weight) (84). MAR assumes that missingness is based on
previously observed information (e.qg. if there is a survey on ethnicity and it has been previously observed
that Caucasian people are more likely to completeh surveys compared to né€aucasians, missing

data distributions may vary between race/ethnicity) (84). MNAR assumes that missingness is based on
unobserved data (e.qg. if there is a survey on quality of life and those with severe renal dysfunctess are |

likely to complete this survey) (84).

Multiple Imputation imputes data based on given information for other variables (84). While the

consideration of variability due to sampling and imputation provides more accurate estimates of
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variability, this metlod has significant potential for error due to model misspecification (84). This method

has three main steps: selection of variables for multiple imputation, creating multiple imputed datasets

with missing data imputed from distributions given observedagand calculating the desired measure

2F aa20AFdA2y YR dzaAy3 wdzoAyQa NMzZ Sa G2 O2Yo0A
Mathematically, multiple imputation imputes missing data based on the known values of missing variable,
complete outcome and other variables (85). Chained equations are used to arbitrarily fill missing values

and calculate values for other variables until convergence is achieved witidikigibution using degrees

2T FTNBSR2Y O f OdzZ I G SR T NBronfidezoeineQals (38 HEorSdrvivezdaaR G 2
the imputation model created is based on a logit function that imputes missing values based on the

distribution of the event indicator and baseline hazard function (85).

The substantiative model compatébfully conditional specification (SMEES) has been identified as the
best method for multiple imputation due to imputation models and study analysis models being
compatible in addition to being adapted for tinvarying effects (86). The full mathematickrivation

has been described elsewhere with repeated iterations being required until convergence (86).
Convergence is determined by visually examining plots of partially observed variable by iteration number
or the evaluation of intecchain and intrachan variability (87). SMECS has the following mathematical
properties: covariate models and joint models are mutually compatible, each iteration has the joint model
factorized as independent reparameterizations and each iteration has a prior distrig@fonMeeting

these conditions, normal linear regression being used for covariate models, using -@tiforonative

priors, having equivalent imputation as the Bayesian joint model and correctly specifying models provide

consistent estimators of the misgjrvalue (87).

2.11Creation of New Patient Risk Groups
Many different methods have been developed to divide patients into risk groups such as arbitrarily

grouping risk scores into groups (16), dividing patients into risk groups based on whether theilgzobab

of an event is equivalent to a padetermined value (42) and dividing patients into groups with an
approximately equal number of patients in each group (i.e. quintiles) (88). Patients may also be ranked in
terms of percentile based on risk score wihecified cuioffs such as I6percentile, 5@ percentile and

84" percentile being used to specify risk groups (89).

2.11.1Techniques for Comparing Risk Group Classification Systems
The effectiveness of risk group classification systems can be cethplrough various measures.

Common measures include overalstatistics and the predicted number vs. observed number of

25



recurrences (90). Risk group classification systems with larger ovestaliistics, are considered more
effective (90). The predied and observed number of events based on the predicted event risk and the
observed event risk multiplied by the risk group size can also be compared with smaller differences
indicating more predictive accuracy; predicted event risk is determined base@osnProportional

Hazards modelling and observed event risk is determined based on Kdplansurvival modelling (90).

2.12Background Information on Canadian Kidney Cancer Information System (CKCis) Cohort
Canadian Kidney Cancer Information System (CKCis) is a prospective cohort with over 10,000 patients at

14 academic tertiary care centres across six provinces (British Columbia, Alberta, Manitoba, Ontario,
Quebec and Nova Scotia) (91). CKCis was establist2@@9 and initiated data collection on January 1,

2011 (91). CKCis has been shown to capture 20.7% of all Canadian kidney cancer patients with provincial
coverage ranging from 12.7% to 51.4% of all kidney cancer patients diagnosed within specificeprovin

(91). While CKCis site specific differences in surgical quality indicators and outcomes exists (92),this cohort
has been validated against external data sources such as the Canadian Cancer Registry and has been
shown to be representative of the Canadipopulation across demographic and pathological features

(92).

2.13 Conclusion
In conclusion, a number of prognostic models have been developed for patients with RCC. In the following

chapters we will assess the performance of these models in Canadian kidney cancer patients and the

development of new prognostic models using Cana#lidney cancer patients.
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Chapter 3Validation of Prognostic Modelg feenal Cancer Recurrence, Renal
Cancer Specific Survival and Overall Survival in Canadian Patients

3.1 Abstract
Introduction Given the wide range of recurrence risk after kidney cancer surgery, an accurate prediction

tool is useful to counsel patients, assess eligibility for adjuvant treatments, and ensure appropriate follow
up surveillance. The purpose of this analysis is tmlag existing prognostic models for kidney cancer

recurrence, cancer specific death, and death from any cause.

Methods Using data from the Canadian Kidney Cancer Information System (CKCis), 15 models for kidney
cancer recurrence, six for cancepecific survival, and four for overall survival were assessed.
Discrimination was measured usingtatistics and éndex over time. Brier Scores and Calibration plots
were constructed at 2 3- and 5years postsurgery. Decision curve analysis atéarspost-surgery was

also performed. The accuracy of prognostic models was compared to pathological T stage alone.

ResultsThere was a wide range in model performance for discrimination and calibration of recurrence
free survival, cancer specific survivaldasverall survival. For recurrence free survivaitatistics ranged

from 0.61 to 0.83, depending on whether the model was derived, and applied, to patients of all
risk/histology, specific risk groups, or to specific histological subtypes. Cancer spaveifial models had
c-statistics ranging from 0.59 to 0.88 and overall survival models {statistics ranging from 0.59 to 0.75.
Gindex over time for all three outcomes was highest from 1 to 3 yearsqosglery. The best performing
models yielded a bher net benefit compared to-§tage alone for fyear recurrence risk thresholds in a

clinically useful range for adjuvant therapy@0% recurrence risk).

ConclusionsSignificant differences in model performance were observed. Some models provide good

discrimination and calibration when applied to a large cohort of Canadian patients.

3.2 Introduction
Renal cell carcinoma (RCC) is common in Canada with an estimated 7500 individuals newly diagnosed and

1950 RCeelated deaths in 2020 (1). Approximately 80Ppatients are diagnosed with clinically localized
disease (2) and most are treated with surgery (radical or partial nephrectomy) (3). Within 5 years of
surgery, the risk of recurrence is between 8% and 60%, cancer specific survival ranges from 3%% to 91
and overall survival ranges from 44% to 84% (3). Given the wide range in risk, more specific estimates of

prognosis are important for patient counseling and to guide clinical decisions.

Prognostic models include variables that predict a disease emadtpften have clinical, histologic, and

laboratory components (4). Prognostic models have an important role in personalized medicine as
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intensity of treatment or surveillance can be proportional to the individual risk (4). Ideally, prognostic
models wouldresult in accurate prediction of the future and allow patients at highest risk of disease
recurrence to receive more intensive care, and patients at lowest risk of recurrence to avoid unnecessary
testing and treatments (4). Nomograms are often derivedrfrprognostic models and risk group
categories created to facilitate clinical adoption. Several kidney cancer prognostic models have been

developed and it is important to assess if these models are valid for contemporary patients.

In the past 20 years, atdst 15 models have been published to assess risk of recurrence, six to predict
cancerrelated death, and four for death from any cause {B%. These models are usually derived from
single institution databases (3®). RCC histologic subtype is an imgat consideration as factors such

as tumour grade, are prognostic for clear cell or papillary RCC subtypes, but not otifs Some
prognostic models have been derived for specific histologic subtypes and specific risk growssagiegh

or low-stagg and some have been externally validated (20,21). To our knowledge, no validation studies
have been conducted in Canadian RCC patients. To examine the predictive accuracy and usefulness of
these prognostic models in Canadian patients, we used a larg@emtige cohort of Canadian RCC

patients.

3.3 Patients and Methods

3.3.1 Study Population
The Canadian Kidney Cancer Information System (CKCis) is a prospective cohort of individuals undergoing

RCC treatment at 14 academic tertiary care institutions in @arsance January 1, 2011. Patients were
included if treated with a radical or partial nephrectomy for RCC. Patients were included if they had local
adenopathy, but patients with distant adenopathy or metastases were excluded. Additional exclusion
criteriafor this study were: age18 years at surgeryreatment other thanpartial or radical nephrectomy

(i.e surveillance or thermal ablationpresence ofmultiple tumours,a previously treated RCC, and
presence ofcongenital RCC syndromés.g. von Hippldindau disease). Figure 1 outlines the

development of the patient cohort used in prognostic model development.

3.3.2 Data Collection
Trained data abstractors at each institution collect and enter patient baseline demographics and clinical

information. Treatnent and pathological information are captured from the medical record. Medical data
entry is then performed at least annually for patients without recurrence after surgery, and at least every
3 months for patients with metastases. Last follow up is theR&3C clinical encounter (often at 5 years
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coud not be contacted. For external validation, all fokawto June 30, 2021 was used.

3.3.3 Description of Prognostic Models
After searching relevant medical literature, 15 prognostic models for recurrence free survival, 6 models

for cancer specific suiwal and 4 models for overall survival were identified (Tables 1, 2, and 3). While
some models were derived from patients with all histologic subtypes (eg. clear cell, papillary, or
chromophobe) or patient risk (eg high and low risk), others were spézifiertain subgroups of disease.
Selection of models for this validation study was based on the model being constructed specifically for
prognosis of patients without clinical metastases at the time of kidney cancer surgery (i.e. prognostic
models that irluded patients with metastases were excluded). Models were excluded if they included

genomic and laboratory markers not routinely collected in clinical practice.

3.3.4 Outcome Variables
The fundamental definitions of recurrence acahcerspecific death were consistent across studies. Post

surgical recurrence is defined as any RCC recurrence, including local recurrence in the resection bed or
distant metastases as identified by imaging as part of gasgical surveillance. Cancetesffic death is
defined as death directly related to kidney cancer as reported to the participating CKCis site. All cause

mortality is defined as deaths due to any cause as reported to the participating CKCis site.

3.3.5 Predictor Variables
Different mode$ had a different definitions or groupings of variables. For example, histologic grade 1 and

H 6SNB 3INRdAzZLISR (23SGKSNJ Ia af2¢ 3INIRSeE Ay az2vys vy
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CKCis data was transformed to match the groupings and definitions of the model being assessed. For each
model assessment we used all patients that had complete baseline information. Therefore, the cohort

sizes werdlifferent, depending on the model being assessed.

3.3.6 Assessment of Models
Modelaccuracy was assessasingc-statistics,c-indexat various time pointscalibration plotsandBrier

scores. Each prognostic model wassessedior the outcome from which it was derived When
nomograms wereprovided the nomogram wasised as the sole predictor of outcome in ti@ox
Proportional Hazards moddh the absence of a nomogram, prognostic indewese derivedfrom the
Cox Proportional Hazards modeding the sunof predictor coefficientsAs a referent comparator, we

derived a model using pathologic tumour stage as the only predictor for each outcome.

36



Discrimination was evaluated using theerall c-statistic and the 4ndexat time points (lyear, 2year,
etc). Given pairs of observations, thestatistic is the proportion of pairs where thpedictedhigher risk
for the outcome is correctly identified 22 A estatistic of 0.5 indicates no discriminative ability, 1.0
indicates perfect discriminative ability amestatistic .7 indicate potential clinical utility 22). The ¢
index is a measure afiscrimination at various followp time points(23). The same benchmarks for no

discriminative ability, perfect discriminative abilignd potential clinicalutility apply for eindex (2).

The Brier Score is @@mpositemeasure of discrimination and calibration4j2The Brier score is the
averagedsquareddifference between the predicted survival status and the observed survival status at a
given period of flow-up (eg at 5 years posturgery). The Brier score could range between 0 and 1, with

values closer to O indicag better accuracy(24).

Calibrationand discriminationwere assessedyy inspection ofcalibration plots using LOESS (locally
weighted scatteplot smoothing) LOESS smoothing combines linear least squares regression and
nonlinear regression in modeling for complex relationships in dataP28jlicted probabili of outcomes

were computed using theCox Proportional Hazards model with tipeogncstic index as the sole
parameterand observeadutcomeswere derivedusing the Kaplan Meier ngparametric survival analysis
(26). For prognostic models where authors did not provide a specified model and only grouped patients
into risk groups based on dé&s$ (or patient groups with at least 30 patients where debdsed groupings

are not adequate due to small sample size), or had categorical prognostic indices, grouped bar graphs of
predicted versus observed risk were created in lieu of calibration gRatsents were grouped based on
predicted probability with the mean predicted probability used for each graBper scores and
calibrationplots were calculated and created fory®arspostsurgery 3-yearspostsurgery,and 5years

postsurgery.

DecisionCurve Analysis is an analytic method for evaluating prognostic model performance by calculating
the net benefit to patients against various thresholds of patient risk).(Zhe range in threshold
probabilities at which the net benefit is greater than ajual to zero represent the range tfresholds
wherepatients are expected to benefit from the modelrj2f the model were used to select patients for
adjuvant therapy (where toxicity would be expected), we estimate the clinically meaningful model
threshold for most patients to be between 20% and 40% for recurrence and between 5% and 15% for

death.
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Statistical analyses were performed using SAS Enterprise Guide 8.2 and Microsoft Excel 2016 with decision

curve analysis performed in R 4.0.2.

3.4Results
From January 1, 2018321 CKCigatientsmet the criteria of solitary localized renal tumours treated with

surgery (partial or radical nephrectomyljable4 presentsclinical and pathologicalharacteristics of the
CKCis cohor606 (L1.4%) of thecohort were lostto-follow up at 2years postsurgery, 937 (17.6%) were
lost-to-follow up at 3years postsurgery and 972 (18.3%) were lastfollow up at 5years postsurgery.

There were 5321 patients with any follewp for recurrence free survival, 523atients with any follow

up for cancer specific survival and 5321 patients with any fellpwor overall survival that will be
included in the subsequent analyses for external prognostic model validation. The discrepancy in numbers
between cancer spead survival and recurrence/overall survival is that 87 patients died during follow up

but the cause of death was unknown.

3.4.1 Recurrence Free Survival
Overall,at last followup, 1049 patientexperienced kidney cancer recurrenagring follow up (18.7%t

2-years, 23.6% at-Bears and 31.0% atyears postsurgery) (Figure 2Among histologic subtypes, more
recurrences were observed in clegell renal cell carcinoma (ccRCC; 33.9% 5yr recurrence) compared to
papillary renal cell carcinoma (pRCC; 22.4/% rBcurrence) and chromophobe renal cell carcinoma
(chRCC; 15.9% 5yr recurrence) (Figure 3).

Recurrence in All Histological Subtypes and Risk Groups

Models for recurrence are described in Table 2. Most of the prognostic models for recurrertzasace

on pathological features or a combination of clinical and pathological features. The exceptions are
Yaycioglu et al 2001, Cindolo et al 2003 and Yaycioglu et al 2013, which are entirely based on clinical
features available prior to surger¢:statistics and Brier scores for each model are summarized in Table

5.

For all RCC histology and RCC risk, Yaycioglu et al 2013 had the highest-statistiicc(Table 5). All
models except for the Yaycioglu model, had lowstatistic than Tstage aloneAllmodels had similar or
inferior cindex over time compared to p3tage alone (Figure 4). Kattan et al 2001 had the lowest Brier

Score at 2 3- and 5years postsurgery.

While the models were reasonably calibrated gt and 5years postsurgery, thesenodels often over

and underestimated recurrence risk at different ranges.
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Decision Curve Analysis is presented in Figure 8. Yaycioglu et al 2013 and Zisman et al 2002 had the largest
range of recurrence risk thresholds for clinical utility (Table &)algh in all models, there was no Ret

benefit in the upper thresholds of clinical utility for adjuvant therapy (eg. 25% to 40%).
RecurrenceModels Including LowRisk Patients Only

One prognostic model was specific for patients defined as low risk (ileolpgical T1 and T2 stage) (8).

At all timepoints, the model had lowerindex compared to pathological T stage alone (Figure 4).
RecurrenceModels Including High Risk Patients Only

One prognostic model was based on patients from a clinical trial (ASB&IRBat only included high risk
patients (i.e. inclusion into the trial wasthological stage pT1b and nuclear grade G3/G4 or pathological
stage pT2/3/4 or pathological nodal stage pN)is model had a highetiedex over time at all timepoints
compared to pathological T stage (Figure 4). Calibration performance based on the calibration plots at 2

, 3 and 5years indicated poor calibration to CKCis patients. On decision curve analysis, there was a net

benefit to patients with 09433.33% risk of recuence(Figure 8).
RecurrenceModels IncludingccRC®atients Only

Of the 3 ccRCC models, all had highstatistics than pathological T stage alone. Prognostic models for
ccRCC patients were reasonably well calibrated to our cohort (FigurgsSorbellinet al 2005 had
consistently underestimated recurrence risk. Leibovich et al 2003 provided net benefits to the widest

range of patient risk and included the range of clinical utility (Table 6, Figure 8).
RecurrenceModels IncludingpRCQ@atients Only

Twomodels were specific to pRCC patientstaistic, Brier scores, andifex over time are presented
in Table 5 and Figures 4. Calibration is presented in Figures 5 to 7 and both feheiit across the
range in thresholds for adjuvant therapy (Fig@).

RecurrenceModels IncludingchRC®atients Only

One prognostic model was specific for chRCC and had lestatistics than pathological T stage alone.
The model was poorly calibrated to our cohort based on calibration plots &téhd 5years.the chRCC

model provided net benefit to patients with 8%8% and 81.259%00% risk of recurrence (Table 8).
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3.4.2Cancer Specific Survival
Overall,at last followup, 311 of patientsexperienced kidney cancepecific death during follow up (3.7%

at2-years, 5.8% at-$ears and 10.6% atyEears postsurgery) (Figure 9Among histologic subtypes, more
cancer deaths were observed in patinets with pRCC (11.9% 5yr cancer death) compared to ccRCC (10.2%
5yr cancer death) and chRCC (6.4% 5yr cancer d@adfure 10).

Cancer specific survival Including All Histological Subtypes and Risk Groups

Three models included all RCC histology. Kutikov et al 2010 had the highest estatidtic and highest
c-index over time (Table 6)-i@dices were lower than #referent model of pathological T stage alone

and cindex was highest at-2 years possurgery (Figure 11). It was also observed that Brier Scores
increased over time from -2and 3years to 5years postsurgery. Calibration plots show excellent
agreemen between predicted and observed cancer specific death risk in prognostic models for all
patients at 2years postsurgery (Figure 12alibration performance worsened over time for prognostic
models for all patientsBased on decision curve analysis atears postsurgery, Zisman et al 2002 had

the widest range of thresholds for which the prognostic model is clinically useful in CKCis patients (Table
8, Figure 15).

Cancer specific survivahcluding Clear CeRC@atients Only

Frank et al 2002 anbeibovich et al 2018 models were created using ccRCC patBaitgeen the two
models Leibovich et al 2018 had higher overatatistic and endex over time. @ndex over time was
higher than the reference model using pathological T stage as the ssdé&cfr and eindex was highest

at 1-year postsurgery using the Leibovich et al 2018 ar@lyears possurgery using the Frank et al 2002
model.On calibration plots, Frank et al 2002, demonstrated an underestimation of patient risk of cancer
related dedh at 3- and 5years posisurgery. (Figures 1B4). The models had a wide range of thresholds

with net benefit compared to pathological T stage as the sole predictor (Table 8, Figure 15).
Cancer specific survivathcluding PapillanyRC@Patients Only

Leibovich et al 2018 was the only model for pRCC related death and had a lavdex cover time
compared to the referent model with pathological T stage as the sole predith@model was poorly
calibrated to our cohort regardless of tinpestsurgery Compared to univariate models with pathological

T stage, prognostic models for pRCC patients had lower range of threshold risk for clinical utility.
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3.4.30verall Survival
Overall,at last followup, 494 patientsexperienceddeath during ftlow up (5.6% at ¥ears, 9.2% at-3

years and 15.9% atyears postsurgery) (Figure 16Among histologic subtypes, byygars post surgery,
more deaths occurred in patients with pRCC (18.8%) compared to ccRCC (15.6%) and chRCC (8.2%) (Figure
17).

Overal survival Including All Histological Subtypes and Risk Groups

Three prognostic models were derived from all RCC patients. Discriminative performance of the models
are presented in Table 7 and Figure C&libration is presented in Figures 19 to Bhsedon decision

curve analysis, all models provide net benefit in a clinical useful range of thresholds (Table 8, Figure 22).
Overall survival Including High Risk Patients Only

One prognostic model was derived from the ASSURE trial and assessedsaveérall in higkrisk patients

only. This model had a higher overals@tistic and éndex compared to pathological T stage oftyour

cohort, Correa et al 2021 undesstimated risk of death at higher predicted probabilities aad 3years
postsurgery but overestimated risk of death at higher predicted probabilities atears postsurgery.
(Figures 121).The model was useful in patients with threshold risk of death up to 21.9% (Table 8, Figure
22).

3.5 Discussion

External assessments of progtiosnodels are essential to ensure generalizability in different populations
and contemporary patients. As expected, accuracy of prognostic models in the CKCis cohort was generally
lower compared to the internal validations in the original publications distributions of prognostic
factors such as tumour stage also varied slightly between the CKCis cohort and the model development
cohorts. This further highlights the need for external validation of prognostic models prior to applying
models to new populdgons. We identified a wide range in model performance with some models
performing well in Canadian patients. We identified prognostic models that provided clinically useful

discrimination, calibration, and nddenefit (if used for selecting patients fadjuvant therapy).

Some models for recurrence have previously been assessed in other external validation studies(28).
Discriminative accuracy was the most common external validation metric with assessment of calibration
or clinical utility frequently ontied. Compared to previous external validations, we found Yaycioglu et al
2001 (estatistic 0.630.70 on external validation vs. 0.74 in this CKCis external validation) and Cindolo et

al 2003 (estatistic 0.630.75 on external validation vs. 0.74 in this@s validation study), and Kattan et al
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2001 (estatistic 0.610.84 on previous external validation vs. 0.78 in this CKCis validation study) to have
similar discriminative accuracy (21). Consistent with other external validations studies, Leibovich 2003
seems to be the most well calibrated (20,21,28). Our findings are consistent with previous external
validations where models that included only pathological (pasggical) information performed better

than those using only clinical (poperative) informaion (i.e. Yaycioglu et al 2001, Cindolo et al 2003 and
Yaycioglu et al 2013)(20). Similarly, models specific to histologic subtypes performed better than models

grouping all RCC histology (20,21).

For cancesspecific survival, Frank et al 2002 providedtdre discrimination in CKCis patients- (c
statistic:0.83) compared to most previous external validation studies (rangstatistics:0.710.86) (21).

For overall survival, Zisman et al 2002 had much better discriminative accuracy in other publications (c
statistic 0.76 to 0.86) compared to this analysist@tistic 0.59)(23). The performance of Zisman et al
2001 in CKCis patientsgtatistic:0.75) was similar to other publications (range-statistics:0.640.83)

(21). In general, consistent with preu® publications, these models underestimatedcalise mortality

at the extremes of patient risk(21).

For all three outcomes examined in this validation study, highest discriminative ability over time is
achieved within 2 years of surgery, which is coesistvith results from a previous analysis @hdex that
used patients enrolled in the ASSURE trial (20).

3.5.1Limitations and Interpretation Considerations
Direct comparisons of models in this study should be made with caution, as the cohorts werendiff

depending on availability of baseline information required for application of each model. In addition, the
coefficients for the pT stage referent group were derived from the CKCis cohort, biasing for better

performance of pT stage compared to exteipalerived models.

External assessments of prognostic models may be limited since all publications did not report baseline
hazard. Therefore, it could not be determined whether miscalibrations in the model were due to
miscalibration in the model paramets or from differences between the baseline hazard function within
CKCis patients and patients used in the original development of these prognostic models (26,29). Indeed,

without baseline hazard information our calibration assessments may be overestimate

The CKCis cohort also presents limitations. Our cohort had insufficient sample size cufoégents for
rare histologic subtypes (i.e. chromophobe) and models that incorporate recently discovered biomarkers

could not be assessed (30).
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3.5.2Strengths
CKCis is a large prospective cohort that is representative of the Canadian kidney cancer population,

containing approximately 20% of all kidney cancer patients diagnosed in Canada (31). CKCis also includes
contemporary patients who received surggeg aggressive partial nephrectomy) and systemic therapies

(eg immune checkpoint inhibitors) more consistent with modern clinical practice. In our analysis we used
multiple methods to examine accuracy, which allowed for a more thorough understandingp !
performance, including calibration, which is likely the most important characteristic for translating to

patient care.

3.6Conclusion
In conclusion, there are many prognostic models for patients withmetastatic kidney cancer. We have

presented tle performance of these models in a large contemporary cohort of Canadian patients. These
findings provide clinicians and patients a better understanding of model performance when applying to
patient care. Most models are superior to using tumour stage eland we encourage use of moeel

based risk when designing clinical trials, counseling patients, and schedulingupliovaging.

3.7 Other Information
There is no supplementary information available and this study did not receive any external funding.
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3.9 Figures and Tables
Table 1:Kidney Cancer Recurrence Models

Model Patient Population Used to Generate Model Prognostic Factors in Model Gstatistic Reported Parameter Selection
Method
All Histology RCC Patients
Yaycioglu et | N=296; Open nephrectomy patients without any Clinical presentation, size largeg c-statistic notreported | parameter selection
al, 2001(4) bilateral synchronous disease or metastases, v{ tumour method not reported
HippelLindau disease, lymphadenopathy, tumo
GKFEd SEGSYR& FdzNIiKSNJ
cavainvolved further than diaphragm
Cindolo et al,| N=660; Patients who underwent surgery for Clinical presentation, size largeg c-statisticnot reported | forward selection
2003(5) kidney without: bilateral tumour
synchronous/metachronous disease, von Hippeg
Lindau disease, tumour that extends further tha
DSNRGFQa FlFLaoOAl s f&YL]
Zisman et al, | N=814; Patients who underwent surgery for Pathological T stage, Nuclear | c-statisticnot reported | parameter glection
2002(2) unilateral kidney cancer Grade, ECOG, pathological N method not reported
stage, pathological M stage
Kattan et al, | N=601; Partial or radical nephrectomy patients | Clinical Presentation, Histady, | ¢=0.74 parameter selection
2001(6) unilateral kidney disease except for those who | pathological T stage, size largeg method not reported
had: bilateral synchronous disease, metastaseq tumour
lymph node positive disease
Yacioglu et | N=1889; Kidney cancer patients who underwen Age at surgerygender, clinical c-statistic=075 used all parameters
al, 208 (7) surgery except for those witlvon HippeiLindau | presentation, imaging size, significant in univariate
disease or bilateral tumours clinical T stage, radiological analysis to create
lymph nodegclinical N stage) multivariate models
van der Mijn | N=873for all patients Norntmetastatic kidney Gender extent, ASA score, c-statistic not reported | used all parameters
etal, 2019 |[OF yOSNJ LI GASydGa | 3SR | pathological T stage, nuclear significant in univariate
(8) partial or radical nephrectomy grade, WHO kidney cancer analysis to create

histology classification, diabeteg

mellitus, hyertension

multivariate models
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Passalacqua
et al 2014(9)

N=310Kidney cancer patients aged <75 years
who underwent partial or radical nephrectomy

Age, pathological stage,
nuclear grade, pathological nod
status (pathological N stage)

c-statistic not reported

parameter selection
method not reported

Clear Cell Histology Renal Cell Carcinoma Patients

Leibovich et
al, 2003(10)

N=1671; Radical nephrectomy patients for clea
cell renal cell carcinoma except those who had:
bilateral synchronous tumours, hereditary
cancers, von Hippdlindau and tuberous scleros
syndromes, Wilms tumour, metastases, age <1
years

Pathological T age, pathological
N stage, nuclear grade, necrosiy
size largest tumour

c=0.2

stepwise selection

Sorbellini et
al, 2005(11)

N=701; Nephrectomy patients for clear cell rena
cell carcinoma except those who had: pT3c/pT4
cancers, metastases, von Hippeldau disease,
hereditary papillary renal cell carcinoma, bilater
tumours

Size largest tumour, pathologicg
T stage, nuclear grade, necrosig
lymphovascular invasion, clinicg
presentation

c=0.82

parameter selection
method not reported

Leibovich et
al,2018(12)

N=2726; overall for clear cell renal cell carcinon
(ccRCC)papillaryrenal cell carcinomgapRCQ)
chromophobe renal cell carcinomidon-
metastatic kdney cancer patientdor clear cell
renal cell carcinoma only

Qinicalpresentation,nuclear
grade, necrosis, sarcomatoid,
size largest tumour, perinephric
or renal sinus fat invasion,
tumour thrombus, extension
beyond kidney, nodal
involvement

c=0.8

forward selection and
backward selection

Papillary Histology Renal Gé&larcinoma Patients

Klatte et al,
2019(13)

N=556; Sporadic nemetastatic, unilateral kidney
cancer patientsvith papillary renal cell carcinom
who underwent partial or radical nephrectomy

Size largest tumour, pathologicg
T stagepathological N stage,
nuclear grade, venous tumour
thrombus

c-statistic not reported

backward selection

Leibovich et
al, 2018(12)

N=607 overall for clear cell renal cell carcinoma
(ccRCC)papillaryrenal cell carcinomgapRCQ)
chromophobe renal cetlarcinomaNon
metastatic kdney cancer patientdor clear cell

renal cell carcinoma only

Nuclear grade, perinephric or
renal sinus fat invasion, tumour
thrombus

c=077

parameter selection
method not reported

Chromophobe Histology Renal Cell Carcinoma Patients
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Leibovich et
al, 2018(12)

N=222; overall for clear cell renal cell carcinomg
(ccRCC)papillaryrenal cell carcinomgapRCQ)
chromophobe renal cell carcinomidon
metastatic kdney cancer patientdor clear cell
renal cell carcinoma only

Nuclear grade, perinephric or
renal sinus fat invasion, tumour
thrombus

c=078for pRCC

parameter selection
method not reported

All HistologyHigh Risk Patients

Correa et al,
2021 (14)

N=1943; Kidnegancer patients with pathologica
stage pT1lb and nuclear grade G3/G4 or

pathological stage pT2/3/4 or pathological noda
stage pN1 who underwent radical nephrectomy

Lymphovascular
invasion,histological subtype,
size largest tumour, nuclear
grade,necrosis, regional lymph
nodes (pathological N stage)

c=0.68

include all clinically
significant variables
whose inclusion

resulted inKl% increase
in c-statistic

All HistologyLow Risk Patients

van der Mijn
et al 2019 (8)

Nonmetastatic kidney cancerdpli A Sy (i &
years who underwent partial or radical
nephrectomywith pathological T1/T2 stage

Gender extent, ASA score,
pathological T stage, nuclear
grade, WHO kidney cancer
histology classification, diabeteg
mellitus, hypertension

c-statistic not rgported

used all parameters
significant in univariate
analysis to create
multivariate models

AbbreviationsN=number of patients; c=statistic;

G=grade;pT=pathological T stage; pN=pathological N stage; ECOG=Eastern Cooperative Oncology

Group,ASA=American Society of AnesthesiologhtslO=World Health Organization
Table2: Kidney Cance8pecific Survivallodels

Model Patient Population Used to Generate Model | Prognostic Factors in Model Gstatistic Reported Parameter Selection
Method

All Histology RC@atients

Kutikov et al,| N=30801; Kidney Cancer patients who Race, Gender, age at diagnosig c-statisticnot reported parameter selection

2010(15) dzy RSNB Sy i adzZNASNE I 3 size largest tumour method notreported
tumour size <20cm

Kutikov et al,| N=6665; First time kidney cancer patients wi Race, Gender, size largest c-statisticnot reported parameter selection

2012(16) nodal negative disease excluding those who tumour, Charlsorf€omorbidity method not reported
were under 66 years, had uncommon Score, age at diagnosis
histological subtypes and tumours >20cm

Zisman et al,| N=814; Patients who underwent surgery for | Pathological T stage, Nuclear | c-statisticnot reported parameter selection

2002(2) unilateral kidney cancer Grade, ECOG, pathological N method not reported

stage,pathological M stage
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Clear CelHistologyRenal Cell Carcinoma Patients

Frank et al, | N=1801; Clear cell renal carcinoma patients| Pathological T stage, c=0.84 stepwise selection
2002 (17) who underwent radical nephrectomy pathological N stage,
excluding: bilateral synchronous tumors, pathological M stage, size
hereditary von HippeLindau or tuberous largest tumour, nuclear grade,
sclerosis syndromes, Wilms tumor and thos¢ neaosis
ISR Xmy @SIFNBR 4G ad
Leibovich et | N=2726; overall for clear cell renal cell Age at surgery, ECOG score, | c=0.% forward selection and
al, 2018(12) | carcinoma (ccRCQyapillaryrenal cell adrenalectomy, positive backward selection
carcinomapapRCG) chromophobe renal cell| margins, tinical presentation,
carcinomaNorrmetastatic kdney cancer nuclear grade, necrosis,
patients for clear celtenal cell carcinoma sarcomatoid, size largest
only tumour, perinephric or renal
sinus fat invasion, tumour
thrombus, nodal involvement
PapillaryHistologyRenal Cell Carcinoma Patients
Leibovich et | N=607; overall for clear cell renal cell Nuclear grade, perinephric or | c=083 parameter selection
al, 208 (12) | carcinoma (ccRCQyapillaryrenal cell renal sinus fat invasion, tumour method not reported

carcinomapapRCQ@) chromophobe renal cell
carcinomaNornmetastatic kdney cancer
patients for clear cell renal cell carcinoma

only

thrombus

AbbreviationsN=number of patients; c=statistic; G=grade;pT=pathological T stage; pN=pathological N stage; ECOG=Eastern Cooperative Oncology

Group, ASA=American Society of Anesthesiologists
Table3: Overall Survivallodels

Model

Patient Population Used to Generate Miel

Prognostic Factors in Model

Cstatistic Reported

Parameter Selection
Method

All HistologyPatients

Zisman et al,
2001 (18)

N=661; Renal cell carcinoma patients who
underwent radical or partial nephrectomy

ECOG score, nuclear grade, s

largest tumour

c-statistic not reported

forward selection

Zisman et al,
2002 (2)

N=814; Patients who underwent surgery for
unilateral kidney cancer

Pathological T stage, Nuclear
Grade, ECOG, pathological N
stage, pathological M stage

c-statistic not reported

parameter selection
method not reported
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Passalacqua | N=310;Kidney cancer patients aged <75 yeg Age, pathological T stage, c-statistic not reported parameter selection

et al 2014(9) | who underwent partial or radical nephrecton| nuclear grade, pathological method not reported
nodal status (pathlogical N
stage)
All HistologyHigh Risk Patients
Correa et al, | N=1943; Kidney cancer patients with Age at surgery, histological c=0.69 include all clinically
2021 (14) pathological stage pT1b and nuclear grade | subtype, size largest tumour, significant variables wdse
G3/G4 or pathological stager2/3/4 or nuclear grade, necrosis, inclusion resulted imKL%
pathological nodal stage pN1 who underwer] regional lymph nodes increase in sstatistic
radical nephrectomy (pathological N stage)

AbbreviationsN=number of patients; c=statistic; G=grade;pT=pathological T stage; pN=pathological N stage; ECOG=Eastern Cooperative Oncology
Group, ASA=American Society of Anesthesiologists
Figure 1:Summary of Patients Included for Analysis

CKCis Cohort Size Aft
applying Exclusion
Criteria:N=6219

=

Exclude patients lackin|
any followup for

Recurrence and Overal
Survival: N=898

CKCis Cohort Size fol
Recurrence and Overal
Survival:N=5321

Exclude patients lackinp
any followup for Cancef—
Specific Survival: N=8

CKCis Cohort Size fo
Cancer Specific Surviv
N=5234

Abbreviations:N=number of patientsCKCis=Canadian Kidney Cancer Information System
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Table 4:Clinical and Pathological Features of CKCis Patiénts

Feature N(%) Number of Patients
with Missing Data
Age at Surgery (Years) 60.7+11.8 0

Gender (Male) 3502(65.8%) | 0
Race 1885

White 2883(83.9%)

Nonwhite 553(16.1%)

CHMI score 190

2 647(12.6%)

3 1020(19.9%)

4 1188(23.2%)

5 1051(20.5%)

6 606(11.8%)

7 322(6.3%)

8 141(2.7%)

9 83(1.6%)

10 44(0.9%)

11 20(0.4%)

12 8(0.2%)

13 1(0%)
Hypertension (yes) 2662(51.9%) | 190
Diabetes Mellitus (yes) 1115(21.7%) | 190
ECOG score 2606

0 2092(77.1%)

1 545(20.1%)

2 62(2.3%)

3 15(0.6%)

4 1(0%)

ASA Score 1542

1: Normal Healthy Patient 671(17.8%)

2: Mild Systemic Disease 1705(45.1%)

3: Severe Systemic Disease (that limits activity) 1232(32.6%)

4: Severe Systemic Disease (life threatening) 167(44%)

5: Moribound (not expected to survive) 2(0.1%)

6: Declared brauulead; organs are being removed f{ 2(0.1%)
donor purposes
Symptoms 0

No Symptoms 3705(69.6%)

Local Symptoms 1305(24.5%)

Systemic Symptoms 174(3.3%)

Local and Systemic Symptoms 137(2.6%)

Clinical T stage 0

Tla
T1b
T2a
T2b

2288(43%)
1395(26.2%)
496(9.3%)
2095(5.5%)
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T3a

649(12.2%)

T3b 124(2.3%)

T3c 29(0.5%)

T4 45(0.8%)

Clinical N stage 0

NO 5157(96.9%)

N1 164(3.1%)

Clinical Tumousize (cm) 5.5:3.1 753
Extent 0

Partial 2659(50%)

Radical 2662(50%)
Adrenalectomy (yes) 672(12.6%) |0
PositiveSurgicaMargin (Yes) 391(7.7%) 213
Pathologic T stage 0

Tla 2246(42.2%)

Tib 1063(20%)

T2a 271(5.1%)

T2b 127(2.4%)

T3a 1425(26.8%)

T3b 110(2.1%)

T3c 31(0.6%)

T4 48(0.9%)
Pathologic N stage 0

NO 906(17%)

N1 131(2.5%)

NX 4284(80.5%)
Pathologic M stage 0

MO 1624(30.5%)

M1 10(0.2%)

MX 3687(69.3%)
Venous Tumour Thrombus 82

No 4422(84.4%)

Level O 574(11%)

Level 4 243(4.6%)
Perinephric Fat Invasion (yes) 608(12.1%) | 285
Renal Sinus Fat Invasifyes) 710(14.1%) | 285
Extension Beyon® S N2 (i | Qy@s) CI & OA I | 22(0.4%) 285
Pathological timour Size(cm) 5.3t3.7 33
Histology 27

Conventional (clear cell) renal carcinoma
Chromophobe carcinoma

Papillary renal cell carcinoma (type 1)

Papillary renal cell carcinoma (type 2)

Clear cell papillary renal cell carcinoma
Papillary renal cell carcinoma (type not specified
Renal Cell Carcinoma unclassified

Rena cell carcinoma

3817(72.1%)
425(8%)
332(6.3%)
208(3.9%)
173(3.3%)
161(3%)
98(1.9%)
20(0.4%)
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Sarcomatoid carcinoma 18(0.3%)

Mucinous tubular and spindle cell cancer 15(0.3%)

Tubulocystic carcinoma 11(0.2%)

Xpl1l translocation 9(0.2%)

Collecting duct carcinoma 6(0.1%)

Renal medullary carcinoma 1(0%)

Nuclear Grade 479

Gl 325(6.7%)

G2 2106(43.5%)

G3 1825(37.7%)

G4 586(12.1%)
Necrosis (Yes) 1300(24.4%) | O
Sarcomatoid (Yes) 197(3.7%) 0
Lymphovascular Invasion (Yes) 198(3.9%) 285

AbbreviationsN=number of patients; ECOG=Eastern Cooperative Oncology Group, ASA=American Society
of Anesthesiologists

1Data provided as % or as mean (SD)

2Analyses for cancer specific survival exclude 8&ptiwhose cause of death was unknown (N=5234) while

analyses for recurrence free survival and overall survival include all patients with any-dplifN=5231).

Table5: External Validation of Recurrence free Survival Prognostic Models

2-year | 3-year | 5-year

Overall C Brier | Brier Brier
Prognostic Model statistic Score | Score | Score N
All Histology and RisRatients
Yaycioglu et al, 2001 0.742| 0.130 0.155 0.183| 4568
Cindolo et al, 2003 0.738| 0.132 0.157 0.185| 4568
Zisman et al2002 0.606| 0.115 0.129 0.143| 2776
Kattan et al, 2001 0.779| 0.058 0.085 0.126| 4881
Yaycioglu et al, 2013 0.801| 0.119 0.138 0.161| 4542
Van der Mijn et al, 2019 0.771| 0.117 0.135 0.160| 3311
Passalacquat al 2014 0.700| 0.138 0.164 0.194| 4842
Pathological T Stage 0.794| 0.114| 0.132 0.156| 5321
Low Risk PatientéAll Histology)
Van der Mijn et at 2019 0.6 | 0.049| 0.071 0.115]| 2304
Pathological T Stage 0.703| 0.061| 0.086 0.129| 2304
High Risk Patient6All Histology)
Correa et al 2021 0.709| 0.194| 0.206 0.207| 2112
Pathological T Stage 0.642| 0.203| 0.216 0.216| 2112
Clear Cell Renal Cell Carcinomatients
Leibovich et al, 2003 0.826| 0.115 0.133 0.145| 3767
Sorbellini et al, 2005 0.790| 0.127 0.148 0.169| 3508
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Leibovich et al2018Clear Cell Renal Cell 3560

Carcinoma 0.809| 0.124 0.142 0.153
Pathological T Stage 0.782| 0.128| 0.146 0.168| 3835
Papillary Renal Cell CarcinonRatients

Klatte et al, 2019 0.832| 0.068 0.08% 0.120| 620
Leibovich et al, 20tBapillary Renal Cell 597
Carcinoma 0.759| 0.0& 0.108 0.144
Pathological T Stage 0.805| 0.082| 0.010 0.124| 705

Chromophobe Renal Cell CarcinorRatients

Maximum| 390

timeis 4

years

Leibovich et al, 2028hromophobe Renal with

Cell Carcinoma 0.801| 0.067 0.081 event
Pathological T Stage 0.825| 0.060| 0.064 0.100| 425

Abbreviation: N=number of patients

Table6: External Validation of Cancer Specific Survival Prognostic Models

2-year | 3-year | 5-year

Overall C Brier | Brier Brier
Prognostic Model statistic Score | Score | Score | N
All Patients
Kutikov et al, 2010 0.791 0.036 | 0.054 | 0.089 | 2866
Kutikov et al, 2012 0.744 0.047 | 0.062 | 0.112 | 996
Zisman et al, 2002 0.587 0.035 | 0.052 | 0.082 | 2722
Pathological T Stage 0.791 0.033 | 0.050 | 0.084 |5234
Clear Cell Renal CétlarcinomaPatients
Frank et al, 2002 0.830 0.028 | 0.047 | 0.084 | 3682
Leibovich et al, 201&lear Cell Renal Cell
Carcinoma 0.88L 0.024 | 0.036 | 0.055 | 1796
Pathological T Stage 0.777 0.026 | 0.048 0.084 | 3766
Papillary Renal Cell CarcinonRatients
Leibovich et al, 20XBapillary Renal Cell
Carcinoma 0.750 0.035 | 0.054 |0.081 |574
Pathological T Stage 0.798 0.034 | 0.049 | 0.081 |696

Abbreviation: N=number of patients

Table7: External Validation of Overall Survival Prognostic Models

2-year | 3-year | 5-year

Overall G Brier | Brier Brier
Prognostic Model statistic Score | Score | Score N
All Patients
Zisman et al, 2001 | 0.752 0.045 |0.072 [0.116 | 2468
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Zisman et al, 2002 0.587 0.052 | 0.079 0.127 2722
Passalacquat al, 2014 0.720 0.050 | 0.080 0.125 4842
Pathological T Stage 0.731 0.051 | 0.080 0.125 5321
High Risk PatientgAll Histology)

Correa et al, 2021 0.710 0.078 | 0.115 0.166 2181
Pathological T Stage 0.625 0.083 | 0.126 0.177 2181

Abbreviation: N=number of patients

Table8: Decision Curve Analysis Patient Risk Thresholds where Net Benefit Provided

Prognostic Model

Patient Threshold Probability Range where
Prognostic Model Yields Net Benefit

Cancer Recurrence Free Survival Prediction Models

All Patients

Yaycioglu et aR001

0% 25% risk of recurrence

Cindolo et al, 2003

0%24% risk of recurrence

Zisman et al, 2002

0%31.25% risk of recurrence

Kattan et al, 2001

0% 13.5% risk of recurrence

Yaycioglu et al, 2013

09%31.25% risk of recurrence

Van der Mijn et al, 2019

0% 25% risk of recurrence

Passalacqua et al, 2014

09%18.75% risk of recurrence

Low Risk Patients

Van der Mijn et al, 2019

\ 0%9.4% risk of recurrence

High Risk Patients

Correa et al, 2021

‘ 0%33.33% risk of recurrence

Clear Cell Renal C&llarcinoma

Leibovich et al, 2003

0%56.25% risk of recurrence

Sorbellini et al, 2005

09%31.25% risk of recurrence

Leibovich et al, 2018lear Cell Renal Cell Carcinoma

0%36.5%risk of recurrence

Papillary Renal Cell Carcinoma

Klatte et al, 2019

09%68.75% risk of recurrence

Leibovich et al, 20tRapillary Renal Cell Carcinoma

09%49% risk of recurrence

Chromophobe Renal Cell Carcinoma

Leibovich et al, 2028hromophobe Renal Cell Carcinomi 0%73%81.25%100%risk of recurrence

CancerSpecific Survival Prediction Models

All Patients

Kutikov et al, 2010

0%12.5% risk of cancer specific death

Kutikov et al, 2012

0%12.5% risk of cancer specific death

Zisman et al, 2002

0%14.0% risk of cancer specific death

Clear Cell Renal C&larcinoma

Frank et al, 2002

0% 18.73% risk of cancer specific death

Leibovich et al, 2028lear Cell Renal Cell Carcinoma

0%25% risk of cancer specific death

Papillary Renal Cell Carcinoma
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Leibovich et al, 20XBapillary Renal Cell Carcinoma

0%25% risk of cancer specific death

Overall Survival Prediction Models

All Patients

Zisman et al, 2001

0%12.5% risk of death from any cause

Zisman et al, 2002

0% 15.5% risk of death from any cause

Passalacqua et al, 2014

0%15.6% risk of deatfrom any cause

High Risk Patients

Correa et al, 2021

0%21.9% risk of death from any cause

Figure2: Recurrence Free Survival Over Time in All CKCis Patients
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Figure3: Recurrence Free Survival Over Time in CKCis Patients Stratified by Histological Subtype
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Figure4: Estimated eéndex Over Time for Recurrence Free Survival Prognostic Models

" 'ttt treSyda "I eSENI/TSEE wSy e MU LAE T FNE wSy 18
nah nap ndh
I . P % g
o el s )m
> > e >
5 5 5
e ne e
e P g
nh na na
™M H o n p c T y 3} M H o n p c T y d}
MooM o 9 ea%s B2 §SodunsYos® CAYS (2 wSOdNNByOS CAYS 2 wSOANNBYO
—e—, 2 OA2BindzMS( | &e—/ AyR2BRN Bl H e[ SA020MBK 0S| ta—{ 2ND St IiMyilp Si | —a=Y I gSH BBt ——[ 51020 mysm;\n
YA AYlE gionSnln |t YEglysH@hml ¢
—— | OA2THAM B | f —e=@l Y RS NIZaMRdf| &3 a2 Gsud 2 . = . = % a
P aAlt ! Didkn S L G Kataan Ol (]|l SA 02 OO (Sl NItaeet £ (WL 2IAOLE of —amt} GK2E23A0LE ¢ ad}3S
MoK EYQLJKQOS WSy’I " I'A3IK wAaial tla$s| " [26 wAal tlaSy
theaSyida
ndp )/ ntp nth
| w Al
(gn-y [, el 4
3 b o
< < > \’\/.__
ne ne ne
& 5 —_— . . .. 8
ne ne no
P P P
nh nh na
M H o n p c T y ¢ M H o n p c T y 53] M H o n p c T y 3]
¢AYS (2 wSOdNNByOS ¢AYS (2 wSOdNNByOS ¢AYS (2 wSOdNNByOS
—o—[ S 02 OMOGH YSNIP Y 2{LIK 2=t WL /K2t 2 34 A . ) Gy RSNIZaARl ( KAt d@Ba@e=a3 K2t 23
/ 2 NNBEH nSiime=btfl K2t 2340 ¢

Abbreviation:RCC=Renal C&larcinoma

Figure5: Calibration Curves for Recurrence Risk-gears postsurgery

2 10 r 2 10 r - ™ 2 2 10
° a9 / ° oo / 2 g N 2 o9 /
N N n® . N
S o8 S o8 B S o8
o o7 1 o o7 1 ﬁnm II . ¢ o7 1
o o @ o o
= e / 06 / ,g N mm EEm M © g6 /
T os T oos / z & 2 & N © 05
> > NS S RS > >
l o4 Z o4 & z 2 o4
o 03 o 03 Y & . " 03
3 a2 5 02 o B 5 o0z
o1 i Ilrin m o1 A y R&iitz@intn o %A aYl gi nSimA A { o1 2541 Ildm o
00 00 00
00010203040506070809 10 0001020304050607080910 0001020304050607080910 0001020304050607080910
Predicted Recurren Predicted Recurrer Predicted Recurrer Predicted Recurre
<10 S : : :
. 1 ER : : :
S §me S R :
< 06 / ’8 nh © 3 I3
T 2m || :
i no= o o M
» 03 aoowm H 2 2
° 0z Gy aREND wazﬂ { 02 NB ° [E °
01 FRamd LI oS tk I £SHi CHjlian n
00
0001020304 050607080910 mt NEBRA Ol Sﬁ w$ OdzNNJ 00010203040506 07080910 00010203040506 07080910 0001020304050607080910
Predicted Recurre =ho&aSNBSR wSOdANNB Predicted Recurren Predicted Recurre Predicted Recurre
0 0y o 10 ¢ T 1o .
> > ° 09 / . /
‘3 ny B8 ny : ° 09
5 s o8 / - o8 /
Z ne Z e 2 =
3 S o 7 4 o
0 nd 0 nd © 06 4
« (u; © N
(g na . = R I I | ° 05 °
F— ik nouh | Zos / >
AHonN cT MM . ndlmhntmuqmzowutu:p@o o 03 N 1] o
pv yv(‘b [ SA620A0 i) I(Iv o 02 I 2NNB# nSim | °
vergemmnh 2L Cozns | B8 T R/ gans
ISttt /1 NO 2 Yk a
at NBRAOGSR wSOdz o KERAGEER ws o
fas whodd - & OdNN 0001020304050607080910 0001020304050607080910
"hoaSNBSR wSOdNy| ASNBSR wSOdz Predicted Recurrer Predicted Recurre

Abbreviation:RCC=Renal Cell Carcinoma

58



Figure6: Calibration Curves for Recurrence Risk-ge&rs postsurgery
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Figure7: Calibration Curves for Recurrence Risk-ge&rs postsurgery
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Figure8: Decision Curvénalysis for Recurrence Free Survival-geérs posiSurgery
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Figure9: Cancer Specific Mortality in CKCis Pati€igsire9: Cancer Specific Mortality in CKCis Patients
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FigurelO: Cancer Specific Mortality in CKCis Patients by Histological Subtype
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Figure 1.: Estimated éndex Over Time for Cancer Specific Survival Prognostic Models
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Figurel2:

Calibation Curves for Cancer Specific Death Rigias postsurgery
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Figurel3: Calibration Curves for Cancer Specific Death Ryglafs postsurgery
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Figurel4: Calibration Curves for Cancer Specific Death Ryslats postsurgery
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Figure B: Overall Survival in CKCis Patients
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Figure I: Overall Survival in CKCis Patients by Histological Subtype
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Figure B: Estimated éndex Over Time for Overall Survival Prognostic Model
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Figurel9: Calibration Curves for Alause Death Risky2ars postsurgery

mt NBRA Gl Sdia S faf2 NIimth 6 & & 8IS REA St fa 2 NX F £ A G @

w

0.0 0.1 0.2 0.30.4050.60.70.80.91.0

Predicted Al Cause Mort

o
© 1.0 4 - = M
<
© 0.9 — o 7z « ntp
— 0.8 s 5"
— V2 e
0.7 -
< / m]’lm
0.6 — - "
© e ,ﬁntp
q>_) 0.5 V2 fna:
0.4 P Ve £
3 0.3 ~ na
o 0.2 7 ndn
O .1 YA &Y FonSilm b€ B N — A A YT S t
0.0 - [26 LYGSNYSRALGS 1A 3K
. T T T T T T T T T T Es él DNE dzLJ
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Predicted All Cause Morta mt NB RA Gl SR & taf2 NImih o & & NIREREAS a2 NI F f A G w
S 8 1.0 7
- _ e
= 0.9 o
gﬂ‘y —_ 0.8 - 7
o~ —_ n Ve
e < 07 -
@ 0.6 7
g P ©° 7
g o 057 s
E o > 0.4 s
=
R Il 2 o0 :
ndn P 9.2~ v
N . —— . . ! I gk -8 /2 NNSSHINtH m
n M H HAamMn o n 0.1
wial {O02NB 0.0 ¥ T T T T T T T T T T

é

65



Figure20: Calibration Curves for Allause Death Risky@ars postsurgery
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Figure22: Decision Curve Analysis/Bars PosSurgery AllCause Mortality
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Chapter 4The Effect of Baseline Hazard Function on Assessment of Prognostic
Model Performance

4.1 Abstract
Introduction On external validation, prognostic model inaccuracy can be due to issues with regression

coefficients or baseline hazard function. The purpose of this analysis is to examine the effects of baseline

hazard function variation on discrimation and calibration.

Methods Baseline hazard functions for the development dataset were simulated from Weibull,
Exponential, Logogistic and Lejormal distributions. The baseline hazard functions were inflated and
deflated by 5%, 10%, 15% and 204d fitted to the covariate values and coefficient values of the original
development dataset to create external validation datasets. Thtatistics and calibration slopes at 5
years for the external validation dataset were assessed. To determine thet effenisspecification in
distribution type, this procedure was repeated pairwise on each of the original development dataset
baseline hazard functions. For rembrld application, five prognostic models were applied to a cohort of
Canadian kidney canceafeents and the four distributions were assumed in parametric Cox models to
examine whether the choice of the best prognostic model varied based on the functional form of the

baseline hazard function.

ResultsVariation in the baseline hazard function rasdl in minor changes in the-statistic but large
changes in calibration slope. Changes in calibration slope ranged up to 3.6% for the Weibull distribution,
up to 2.0% for the Exponential distribution, up to 55.2% for thelLagjstic distribution and upt52.8%

for the LogNormal distribution. The three methods had different efficacies for each scenario examined
and adjustment for the original baseline hazard function was often required. The specific method
recommended also differed based on the distrilbut and particular change in the baseline hazard
function. From the realorld application, it was determined that the ranking of prognostic models did

not change based on the functional form assumed.

ConclusionsThe baseline hazard function of the develognt and external validation datasets may be
different. We have shown that misspecification of the baseline hazard function may significantly impact
assessment of calibration but are unlikely to impact discrimination or selection of the best performing
model. Reporting of the baseline hazard function and distribution is important to facilitate external

validation.
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4.2 Introduction

t NPIy28GA0 NBaSFNOK A&8 RSTAYSR |a GKS aiddzRe 27
given timepoint and future clinical outcomes such as disease recurrence, disease speaificor death

from any cause (1). Prognostic modelling has numerous purposes for clinical trials and is important for
patient counseling and followp scheduling. After developmemirognostic models should be externally

validated prior to widespread adoption to ensure generalizability.

The CoProportional Hazards Model, a regression model used in survival analysis considering the
covariate values of individuals, canggecified adQohd  'Q 6'Q  where’Q 0 is the baseline hazard
function,f =parameter coefficientio=covariate (2). The baseline hazard function is the instantaneous

probability that an event will happen at a given point in time, without adjustment for prognostic variables,
and is specified a2 6 >J/ OE—I'y—ys (2). Key propertiesfdhe hazard function aréQ 6 T,

"Q 0 has no maximum and any shape is possibléoo (2). The cumulative hazard function can be
specified as’lO6 | "Q t 'Q1(2). Survival functionsyo , and hazard functiondD 0, are related to

each other andhis relationship can be given a&o Q (2). Distributions for baseline hazard

functions can also be different as outlined in Table 1.

Studies deriving prognostic models often report the model without providing information on the baseline
hazad. When the baseline hazard is not available, it is estimated from the validation dataset using the

Breslow estimator (3).

Parametric Cox models are an alternative to Cox Proportional Hazards models as these models assume a
distribution for the baseline &zard function and have been shown to have less bias (4). If all prognostic
models being compared had the same baseline hazard function distribution shape, a parametric cox

model could be used.

Differences between the baseline hazard functions of the patpan in which the prognostic model was
developed and the population in which the prognostic model is validated has been theorized to be a key
cause of miscalibration in prognostic model validation (5).To address issues with baseline hazard during
externalvalidation various methods have been developed. When no baseline hazard function information
is available, a CeRroportional Hazard model with the prognostic index is fitted to the external cohort (5).
When baseline hazard function information is avalgathe following Poisson regression model is fitted:

Ow " T n whereOw is the expected number of events based on outcome stataad[ is

the calibration slope (5). If the full original development dataset is available, a Poisson regie&ieh
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using the original dataset and-fated to the new dataset to adjust for the baseline hazard function (5).
However, if only one baseline hazard function value for a given timepoint (i.e. value of the baseline hazard
function at 5 years of followp), baseline hazard function values are interpolated based on the timepoint

for which the baseline hazard function is given and the overall time of fallp\{b).

Since the baseline hazard is often derived in the external dataset, it is crucial tonextdmaieffect of
baseline hazard function variation on discrimination and calibration. While there are methods to adjust
for miscalibration of the baseline hazard function, it is also important to assess the efficacy of these
methods across different digbutions to ensure that model performance is assessed accurately. The first
objective was to assess the effect of baseline hazard misspecification on discrimination and calibration for
different distributions. Our second objective was to examine a realdapplication where data from a
prospective cohort of Canadian kidney cancer patients were used to examine how variation of the

baseline hazard function impacted model assessment and model comparisons.

4.3 Methods
The methods will be separated into twonpg The first is based on simulations examining the effect of

baseline hazard function on discrimination and calibration. The simulations will also be used to assess the
efficacy of different methods of estimating calibration slope when the baselineth&zaction is known.

The second is a realorld application to CKCis data where we examine if model calibration varies based
on the selection of the baseline hazard function. All simulations and analysis were performed in RStudio

(based on R 4.0.2) and dibsoft Excel 2016.

4.3.1 Simulation Study Examining Effect of Baseline Hazard Function Calibration
Baseline hazard functions for each distribution are specified as indicated in Table 2. 500 datasets with the

baseline hazard function specified with 500 observations each, maximumtdiaeent (i.e. time to
recurrence) of 11 years and parameter coeffitgeinom the prognostic model for recurrence free survival
in chromophobe renal cell carcinoma patients such that 1 T ¢ | Tt&y ¢ 1 Tgdo 1t (6) were
simulated. The prognostic index was calculated using:¢ "Q¢ €0t Q@1 g ¢ O 1 e Y

™ 1 Tpso twhered hd Fid are values of individual covariatédsing Cox Proportional Hazards models
with the prognostic index as the sole predictor, the overadtatistic for discrimination and calibration
slope at 5years were determined for each indivialuisimulated dataset. From this, measstatistics and

calibration slopes and 95% confidence intervals were calculated for the model development dataset.

New baseline hazard functions were specified with deviations from the original baseline hazardrfuncti

as stated in Table 3 for Weibull distribution, Table 4 for Exponential distribution, Table 5 fbogdistic
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distribution, Table 6 for Loblormal distribution, and Table 7 for combinations of the different
distributions studied. The following steps wvedbllowed for each of the 500 model development datasets
derived in the previous part. The values of covaridbelsd Ity were stored in a data frame and a new
mis-specified dataset was simulated with the following parameters: 500 observations, maximeasto-

event of 11years, covariate parameter coefficientsof 1 lo®& ¢ 1 Tt& ¢ 1 Tpso m and the mis
specified baseline hazard function. The prognostic index was calculated wsing "Q¢ £0i& Q@

Ol lag ¢ 0T & P &1 Tg8om where ¢ hd id  are values of individual covariates. Cox
Proportional Hazards models with the prognostic index as the sole predictor were used to determine the

overall model estatistic in the new dataset with the mgpecified baseline hazard function.

Cox ProportionaHazards models were also used to determine the calibration slopeyat#s for the

new dataset to simulate the effect of not adjusting for the original baseline hazard function. Poisson
regression models using event status as the outcome such ‘@& " [ 0N wherer is the

calibration slope were fitted to show the effect of adjusting for the original baseline hazard function (5).

The effect of adjustment for the original baseline hazard function given the original dataset was examined

by fittind (GKS 2NAIAYIE RIGFaASGQa o6lasStAayS KIFETFNR TFdzyOi
The effect of adjusting for the original baseline hazard function given its value at a given time point (i.e.

value of baseline hazard function atybars) vere examined by interpolating the value of the baseline

hazard function based on the given value for all other time points (5). R code used for both Poisson
regression models have been previously published (5). From the 500 new datasets, the-stetiia;

calibration slope at fyears and 95% confidence intervals for both parameters were obtained. From this,
NEO2YYSYRIGA2Yyad 6SNB YIRS NBIFNRAYy3I GKS woSad YSi
8SIENE® ¢KS WwWoSad YSiK3aRmt poducesRiBstlts I&sBst tb the diifindl Y S ( K
development calibration slope without oveistimating the calibration slope provided that the external

validation calibration slope calculated does not understate the original development calibration slope by

more than 0.1. If all three methodsov&a G A Yl 4GS GKS OFf AONI A2y &f 2LIS3 |

that has the least deviation from the original calibration slope.

4.3.2RealWorld Application Using CKCis Data
Data used in the reakorld analysis originated from Canadian Kidney Cancer Information System (CKCis),

a Canadian prospective cohort of kidney cancer patients. Variables within the CKCis dataset were

reparametrized as needed based on fandsting models. The outcome was recurreneefsurvival at 5

71



years postsurgery, with time to recurrence defined as the time between surgery and kidney cancer

recurrence.

The following preexisting prognostic models for recurrence free survival in all patients were examined:
Kattan et al 2001 (7% indolo et al 2003 (8), Yaycioglu et al 2013 (9), Yaycioglu et al 2001 (10) and van der
Mijn et al 2019 (11). Prognostic indexes were constructed as specified for all models except for van der
Mijn et al 2019 where a surrogate prognostic index based @natidition of parameter coefficients
derived from the multivariate hazard ratios provided was used as a point system was not specified (11).
Parametric Cox models were fitted assuming the Weibull distribution for each prognostic model and the
ranking of he prognostic models in terms of calibration slopes from best (closest to 1) to worst (furthest
from 1) was examined. This was repeated assuming the exponentialpdistic and loghormal
distributions. The calibration slopes and the ranking of the postjio models were examined to

determine the effect of specifying different baseline hazard functions on external model assessment.

4.4 Results

4.4.1Part 1: Simulation Study Examining Effect of Baseline Hazard Function Calibration
Weibull Distribution

The simulated Weibull distribution baseline survival functions are shown in Figure 1. Figures 2 and 3
demonstrate the effect of various rate and shape parameter miscalibrations on ovestaltistic and
calibration slopes at-years. The first case examinedwhere there are changes in both the rate and
shape parameters. The-statistics calculated are slight overestimates where both parameters are
overestimated, with the estimated-statistic increasing with larger increases in both parameters and
slight urderestimates where both parameters are underestimated, with the estimateslatistic
decreasing with larger decreases in both parameters. Overall, estimating the calibration slepeaas 5
without adjusting for the baseline hazard function provides tihast liberal estimates, while adjustment

of the baseline hazard function using the value of the original baseline functioryedrs is the most
conservative. When both parameters are underestimated, larger decreases in both parameters are
associated wih larger underestimates of the calibration slope ayéars. Hence, when both parameters

are underestimated, calculating the calibration slope g&ars without adjusting for the baseline hazard
function is the best method. When both parameters are ogéireated, estimates using both adjustment
using the full dataset and without adjustment for the baseline hazard function fluctuate. Calibration

slopes estimated by adjusting for the original baseline hazard function valugestrS decrease between
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0%5% overestimate in both parameters and increase from-B9%0 overestimate. Thus, when both

parameters are overestimated, adjustment using the full dataset is the best method.

The second case examined is where the rate parameter changed while the shape gareen&tined
constant. Gstatistics, while still close the original value, were underestimated when the rate parameter
was underestimated with larger underestimation associated with larger decreases in the rate parameter.
When the rate parameter is overestated, the Gstatistic decreased between 0%86 overestimate in rate

and increased between 520% overestimate in rate. The results in terms of the most liberal and
conservative methods and trends in estimategidar calibration slope across increases/deses in rate
parameter were like the results from the first case. Thus, not adjusting for the baseline hazard function
is the best method for underestimates in rate and adjustment using the full original dataset was the best
method when the rate is overémated, except at 20% overestimate in rate at which adjusting for the

value of the original baseline hazard function atears is the best method.

The final case studied using the Weibull distribution is where the shape parameter changed while the rate
parameter is constant. When the shape parameter is underestimated, tstatistic is also
underestimated with the estimated-$ear calibration slope decreasing as the shape parameter becomes
smaller. As the shape parameter increases, tsgatistic decrased from 0%4.0% overestimation of the
shape parameter and increased from Q@9 overestimation of shape parameter. Like the two other
cases, adjustment using the value of the original baseline hazard functioyears resulted in the most
conservativeestimates of Syear calibration slopes. Underestimating the shape parameter resulted in
constant calibration slopes for both estimates adjusting for the baseline hazard function using the original
dataset and without adjusting for the baseline hazard fimtt As the calibration slopes derived without
adjusting for the baseline hazard function were slight overestimates of the original calibration slope, it is
recommended that the baseline hazard function be adjusted using the original dataset. Overegfimatin
the shape parameter resulted in constant underestimates using both methods adjusting for the original
dataset and without adjusting for the baseline hazard function. As the shape parameter increased the
calibration slope decreased when computed adjusfmgthe value of the baseline hazard function at 5

years. Thus, it is recommended that the baseline hazard function is not adjusted for in this case.

Exponential Distribution

The simulated Exponential distribution baseline survival functions are shokigure 4. Figures 5 and 6
demonstrate the effect of various rate and scale parameter miscalibrations on ovesttistic and

calibration slopes at-years. The first case examined is where there were changes in both the rate and
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scale parameters. Undestimates in both parameters were associated with underestimatesstattstics

with smaller estatistics as both parameters decreased and overestimates in both parameters were
associated with overestimates irstatistics with larger-statistics as botlparameters increased. Overall,
adjusting for the value of the original baseline hazard function-gdrs led to the most conservative
results. For all three methods, smaller rates and scales were associated with smaller calibration slopes
and larger rag¢s and scales were associated with larger calibration slopes. Thus, not adjusting for the
baseline hazard function is the best method. Not adjusting for the baseline hazard function caused slight
overestimates of the calibration slopes when both rate acdls were overestimated. Adjusting for the
value of the baseline hazard function ay®&ars when both rate and scale were overestimated resulted in
decreased estimated calibration slopes between®% overestimate in rate and scale and increased
calibratin slopes between 59%0% overestimate in rate and scale. Therefore, adjusting for the baseline
hazard function using the full original dataset was the best method when both rate and scale were
overestimated by up to 15% and adjusting for the baseline haizenrction using the original value at 5

years was the best method between-28% overestimates in rate and scale.

The second case studied was where the rate changed but the scale was fixed. Underestimating the rate
resulted in fluctuating but constantatatistics close to the originalstatistic and overestimating the rate
resulted in overestimating the-statistic. The calibration slopes atygars had similar results to the first

case under the Exponential distribution when the rate was undeoverestimated while the scale was

fixed. Thus, when the rate was underestimated with the scale parameter fixed, the best method was to
not adjust for the original baseline hazard function. When the rate was overestimated with the scale
parameter fixed, adjust@nt using the original dataset was best forl0% increases in the rate and
adjustment using the value of the original baseline hazard functiomraas was best for 1520%

increases in the rate.

The third case studied for the Exponential distributiwas where there was a change in scale, but the
rate was fixed. Underestimating the scale parameter resulted in constant but fluctuasitagistics and
overestimating the scale parameter resulted in overestimations of thstatstic. For both
underestimaion and overestimation of the scale, the results were like the results obtained for the case
where there were changes in shape while the rate is constant under the Weibull distribution. Therefore,
adjustment for the original baseline hazard function ughegfull dataset is recommended when the scale

is underestimated and not adjusting for the baseline hazard function is recommended when the scale is

overestimated.
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LogLogistic Distribution

The simulated Logogistic distribution baseline survival furmeis are shown in Figure 7. Figures 8 and 9
demonstrate the effect of various rate and scale parameter miscalibrations on ovestistic and
calibration slopes at-years. The first case examined was where both rate and shape changed. When both
parameers were underestimated, the-gtatistic increased from 0%26 underestimate and decreased
from 5%20% underestimation of both rate and shape. Overestimating both parameters led to an increase
in the cstatistic from 0%b5% overestimation in both parameteasnd a constant but fluctuatingstatistic
between 0%20% overestimations in both parameters. Regardless, the estimaisthtistic was
overestimated in this case. All three methods overestimated the calibration slope with adjustment using
the full origind dataset being the most liberal and adjustment using the value of the original baseline
hazard function at fyears being the most conservative. Underestimating both parameters had led to
increases in calibration slope between &% underestimation, withhe calibration slope decreasing
between 5%20% underestimate using the adjustment for the full original dataset and valugyears
methods and constant calibration slope when the baseline hazard function was not adjusted for.
Overestimating both paramets led to an increase between @8%o deviation, with the calibration slope
remaining constant when there was no adjustment for the baseline hazard function and adjustment using
the full dataset between 5920% overestimations and the calibration slope caltad by adjusting for the
value of the original baseline hazard function ateéars between 5920% slowly increasing. Furthermore,

it is recommended that the calibration slope be calculated by adjusting for the value of the original

baseline hazard functioat Syears.

The second case examined was when the rate parameter changed but the shape parameter remained
constant. Gstatistics were overestimated across all studied deviations in shape parameter with increases
in the cstatistic from 0% t&5% and remained constaafterward with minor fluctuations. While all three
methods overestimated the calibration slope ay&ars, not adjusting for the baseline hazard function
provided the most liberal estimates of the calibration slope. When the rate is underestimated,esl thr
methods had similar results with increases in the estimated calibration slopéegiillecrease in the rate

and decreases in the estimated calibration slope afterward. When the rate is overestimated, all three
methods increase until a 5% overstatememtate. The calibration slope remained constant when there
was no adjustment for the baseline hazard function and when there was adjustment using the full dataset;

the estimated calibration slope increased when adjustment using the value of the origesdineahazard
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function at 5years was performed. Hence, it is recommended that adjustment using the value of the

baseline hazard function atyears is performed.

The final case examined was when the shape parameter changed but the rate parameter remained
constant. When examining the effects of deviations in the shape parametestatistics, the results are

like when the rate parameter changed while keeping the shape parameter constant. Like the second case,
all three methods overestimate the calibraticlopes at §/ears and not adjusting for the original baseline
hazard function provided the most liberal results. Underestimates in the shape parameter led to increase
in calibration slopes until 5% overestimate of the shape parameter in all methodsestimated
calibration slope remained constant for both methods except for adjustment for the value of the original
baseline hazard function atyears, which increased as the shape parameter increased. Overestimates in
the shape parameter led to increasedlibration slope until 5% overestimate in shape and remained
constant afterwards for all three methods. As such, adjustment for the value of the original baseline

hazard function at ears provided the best estimates of the calibration slopes.

LogNorma Distribution

The simulated Ledlormal distribution baseline survival functions are shown in Figure 10. Figures 11 and
12 demonstrate the effect of various rate and scale parameter miscalibrations on ovstatistic and
calibration slopes at-§ears. The first casgtudied is when mean and standard deviation both changed.
When both parameters were underestimated, thetatistic estimated decreased until 5% underestimate
and increased afterward. Meanwhile, overestimates in both parameters resulted in decreasedtestima
of c-statistics. Byear calibration slope estimates were most liberal when the baseline hazard function was
not adjusted and most conservative when adjustment was performed using the original baseline hazard
function at 5years. Underestimates in botlarameters are associated with increased calibration slope
until 5% deviation and decrease afterwards when no adjustment is performed and when adjustment using
the full original dataset is performed. The estimatedyemr calibration slope decreased as the
understatement in both parameters increased. Overestimates in both parameters resulted in increased
calibration slope until 5% when there was no adjustment and when there was adjustment for the full
dataset. However, the calibration slopes remained constaren there was no adjustment and increased
when there was adjustment using the full dataset. Yet, when the baseline hazard function was adjusted
using the value of the original baseline hazard function geéars, the estimated calibration slope
decrease until 5% change and increased afterward. For this case, adjustment using the full dataset is

recommended.
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The second case studied was where the mean changed but the standard deviation remained-fixed. C
statistics were underestimated when the mean wasderestimated with a decrease until 5% and
increased afterward. When the mean was overestimated, the estimatgdtcstic decreased until 5% and
remained constant with minor fluctuations. Estimated calibration slopesyatdss were overestimated

using bah methods except for the adjustment using the value of the original baseline hazard function at
5-years which was underestimated. Underestimation in the mean resulted in increased estimated
calibration slopes both when the baseline hazard function wasad@isted and when it was adjusted
using the full original dataset with decreased calibration slopes afterward. The estimated calibration slope
when adjustment was performed using the value of the original baseline hazard functioyeatr$
decreased. Owestimation in the mean resulted in results like when both the mean and standard

deviation changed. Thus, adjustment using the full dataset is recommended.

The final case study using the ENgrmal distribution was where the standard deviation changedtbet

mean remained constant. Estimates of thatatistic follow trends analogous to those observed when
both the mean and standard deviation changed. Not adjusting for the baseline hazard function continued
to provide the most liberal estimates of caliticn slope and adjustment using the value of the calibration
slope at Byears remained the most conservative in terms of calibration slopes -gtaks.
Underestimation of the standard deviation yielded results like the first two cases under tHddrogal
distribution. However, overestimation of the standard deviation resulted in results like the first case
except for adjustment using the value of the original baseline hazard functionyatis where the
calibration slope decreased until 5% and remainedstant afterward. Overall, adjustment using the full

dataset is recommended.

Changes in Types of Distribution

The effect of different distribution types in development datasets and external validation datasets were
studied by comparing-statistics and d@ration slopes at ears among all three methods . Table 7 lists

all distribution parameters used in these simulations. The overall results are given in Figure 13 with the
original estatistics and 5year calibration slopes from the development datageighlighted in grey and

the best method for each pairwise comparison highlighted in yellow. While differences in the types of
distributions resulted in slight under and overestimates in th&atistics, the estatistic is quite robust
despite deviationsn the baseline hazard function. Wider variation was observed in calibration slopes at
5-years with and without adjustment for the baseline hazard function using the value of the original

baseline hazard function atfears. However, these results shobklinterpreted with caution as all shape
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parameters were equal to 3 and all rate parameters were equal to 5 in these simulations for all

distributions.

4.4.2Part 2: ReaWorld Application Using CKCis Data
While the calibration slope at$ears for eacimodel is constant or varies slightly based on the distribution

assumed, the ranking of the prognostic model remains constant regardless of the distribution used(Table
8).

4.5 Discussion

Many prognostic models are published without providing information tbe baseline hazard or
distribution. In this paper we show that thestatistic is robust to changes in the baseline hazard function
but calibration slope is not. While all distributions reported considerably different calibration slopes
between the origial and misspecified baseline hazard functions, the differences were most profound in
LogLogistic and Leblormal distributionsThe calibration slope at-$ears estimates were most robust
when the differences were between the type of distribution (i.evelepment dataset had a baseline
hazard function with a Weibull distribution and the external validation dataset had a baseline hazard
function with an Exponential distributiorffrom the realworld application, it was evident that while small
differencesexisted in the estimated calibration slope based on the assumed baseline hazard function, the
ranking of the prognostic models using parametric Cox models remained constant. Hence, differences in
baseline hazard function do not prevent the comparison afgmostic models using calibratidrased

techniques.

As limited research on the effect of baseline hazard function misspecification has been performed to date,
it is difficult to directly compare the results of this study to prior research. However, pevisearch in
interval censored data has shown that deviations in the baseline hazard function resulted in bias in
inferential properties of the model, which suggested a significant effect (12). Incocase| studies,
differences in distributions have deto differences in estimates of the baseline hazard function (13).
Differences in baseline hazard function estimates would then lead to differences in estimated survival
probabilities, which ultimately would result in differences in the estimated califmaslope. As the Cox
Proportional Hazards model imputes the baseline hazard function of observations in the validation
dataset to calculate survival probabilities, it is plausible that not adjusting for the baseline hazard function

would yield the most ofimistic and liberal estimates of calibration slope agéars (2).

While misspecification of the baseline hazard function may significantly impact assessment of calibration,

it is unlikely to impact discrimination or selection of the best performing nhotieerefore, reporting of
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the baseline hazard function is important for calibration, however, external validation without the
baseline hazard function is still informative. Simulation studies similar to this one should be performed to
identify the best méhod of estimating prognostic model calibration prior to external validation of the

model.

4.5.1 Limitations
While this study is the first study examining the effects of misspecifications in baseline hazard functions

on cstatistics and calibration slopes atyBars in point censored survival data, there are important
limitations that must be considered. As oolye set of parameters were considered, variation in effects
across different combinations of parameters was not examined. The comparison of different
distribution types used the same rate and shape (scale for exponential distribution) in the distrbuti
studied, which would mask potential differences istatistic and calibration slope that would be more
visible had different rate and shape parameters been studied. This study also exami2edodeviation

in the baseline hazard functions acrossetiéint parameters, which would ignore any possible change in
trends at larger deviations (i.e. whether it is possible that estimatesstéttstic and calibration slope
start to improve after a sufficiently large deviation). None of the models examingdraof the real

world application included information on the baseline hazard function. Thus, deviations between the
baseline hazard functions assumed as part of the external assessment and the original baseline hazard
function could not be quantified. Asuch, it could not be determined which of the four distributions

assumed is the most accurate representation of the original baseline hazard function.

4.5.2 Strengths
Four commonly used distributions were examined and the impact of differences in théngakazard

function were observed across a wide range of scenarios. Sincepdn@meters and the covariate values
were held constant when fitting the migpecified baseline hazard function, all deviations in calibration
slopes at 5/ears and sstatistics observed were mostly due to misspecification in the baseline hazard
function (random error persists but this would be a small proportion of the variation). Three existing
methods of calculating the calibration slope ay®&ars were compared, allowing fire examination of
each method under a wide range of situations to eventually select the best method. Theadal
application examined differences in calibration slope gtears postsurgery observed across different

distributions.
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4.6 Conclusion
Oveall, baseline hazard function misspecification effects calibration. Baseline hazard function

misspecification may be an important source of model miscalibration and must be considered during

external assessment of prognostic models. We recommend thatoasitprovide information regarding

the baseline hazard function when publishing prognostic models. Directions for future research include

larger simulation studies using different setd ggarameters, wider range of deviations from the original

baseline haard function and more distribution types with the goal of developing overarching

recommendations on how to adjust for baseline hazard function misspecification when externally

validating prognostic models.
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4.8 Figures and Tables

Table 1:Hazard Functions and Parameters of Commonly Obdd&ributions in Survival Analysis

Distribution | Hazard Function Parameters

Weibull Qo _nnn _ Ttrate parameter, p >0
Distribution shape parameter

2

Exponential Qo _ _ Tirate parameter
Distribution

2

LoglLogistic |™Q 06 _|_0 p _0O _ Trate parameter| Tt
Distribution shape parameter

(2) .
LogNormal | | I Mean’ | 1, standard
Distribution | < © —MCTOQ P %l I LoO deviation, |

2

Abbreviations:0=time; f)=shape parameter; =rate parameter;] =shape parameter;=mean;, =standard

deviation

Table 2:Baseline Hazard Functions Specified in Simulations for Model Development Bataset

Distribution

Parameters

Weibull Distribution

v rate parameter, p=3 shape parameter

Exponential Distribution

v rate parameter, p=3 scale parameter

LogLogistic Distribution

v rate parameter, p=3 shape parameter

LogNormal Distribution

K/Iean‘ v, standard deviationp p®

Abbreviations: fi=shape parameter; =rate parameter; =mean;, =standard deviation
IR Studio requires the specification of the scale parameters in addition to the rate parameter to simulate the

Exponential distribution

Table 3:Mis-specified Weibull Distributed Baseline Hazard Functions Specified in Simulations for the

External Validatin Dataset

Scenario

Baseline Hazard Function Parameters

20% reduction in all parameters

T rate parameter, p=4 shape parameter

15% reduction in all parameters

18 uate parameter, p=4.25 shape parameter
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10% reduction in all parameters

1® rate parameter, p=4.5 shape parameter

5% reduction in all parameters

1§ uate parameter, p=4.75 shape parameter

5% inflation in all parameters

V& uate parameter, p=5.25 shape parameter

10% inflation in all parameters

u® rate parameter, p=5.5 shape parameter

15% inflation in all parameters

V& uate parameter, p=5.75 shape parameter

20% inflation in all parameters

@rate parameter, p=6 shape parameter

20% reduction in rate, all others held constant

T rate parameter, p=5 shape parameter

15% reduction in rate, all others held constant

T8 uate parameter, p=5 shape parameter

10% reduction in rate, all others held constant

1® rate parameter, p=5 shape parameter

5% reduction in rate, all others heldrstant

1§ uate parameter, p=5 shape parameter

5% inflation in rate, all others held constant

V& uate parameter, p=5 shape parameter

10% inflation in rate, all others held constant

u® rate parameter, p=5 shape parameter

15% inflation in rate, all others held constant

V& uate parameter, p=5 shape parameter

20% inflation in rate, all others held constant

@rate parameter, p=5 shape parameter

20% reduction in shapearameter, all others held constant

v rate parameter, p=4 shape parameter

15% reduction in shape parameter, all others held consta

v rate parameter, p=4 shape parameter

10% reduction in shape parameter, all others held consta

U rate parameer, p=4.5 shape parameter

5% reduction in shape parameter, all others held constan

U rate parameter, p=4.75 shape parameter

5% inflation in shape parameter, all others held constant

U rate parameter, p=5.25 shape parameter

10% inflation in shape parameter, all others held constan

U rate parameter, p=5.5 shape parameter

15% inflation in shape parameter, all others held constan

U rate parameter, p=5.75 shape parameter

20% infhtion in shape parameter, all others held constant| _

v rate parameter, p=6 shape parameter

Abbreviations: fi=shape parameter; =rate parameter

IR Studio requires the specification of the scale parameters in addition to the rate parameter to simulate the

Exponential distribution

Table4: Mis-specified Exponential Distributed Baseline Hazard Functions Specified in Simulations for the

External Vatlation Dataselt

Scenario

Baseline Hazard Function Parameters

20% reduction in all parameters

T rate parameter, p=4 scale parameter

15% reduction in all parameters

18 uate parameter, p=4.25 scale parameter

10% reduction in apparameters

T rate parameter, p=4.5 scale parameter

5% reduction in all parameters

1§ uate parameter, p=4.75 scale parameter

5% inflation in all parameters

V& uate parameter, p=5.25 scale parameter

10% inflation in all parameters

L® rate parameter, p=5.5 scale parameter

15% inflation in all parameters

V& uate parameter, p=5.75 scale parameter

20% inflation in all parameters

@rate parameter, p=6 scale parameter

20% reduction in rate, all others held constant

T rate parameter, p=5 scale parameter

15% reduction in rate, all others held constant

T8 uate parameter, p=5 scale parameter

10% reduction in rate, all others held constant

T® rate parameter, p=5 scale parameter

5% reduction in rate, all othetsld constant

1§ uate parameter, p=5 scale parameter

5% inflation in rate, all others held constant

V& uate parameter, p=5 scale parameter

10% inflation in rate, all others held constant

u® rate parameter, p=5 scale parameter

15% inflation in rate, all others held constant

V& uate parameter, p=5 scale parameter

20% inflation in rate, all others held constant

@rate parameter, p=5 scale parameter

20% reduction in scale parametet| athers held constant

U rate parameter, p=4 scale parameter
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15% reduction in scale parameter, all others held constan _

L rate parameter, p=4 scale parameter

10% reduction in scale parameter, all others held constar

U rate parameter, p=4.5 ste parameter

5% reduction in scale parameter, all others held constant

U rate parameter, p=4.75 scale parameter

5% inflation in scale parameter, all others held constant

U rate parameter, p=5.25 scale parameter

10% inflation in scale parameter, all others held constant

U rate parameter, p=5.5 scale parameter

15% inflation in scale parameter, all others held constant

U rate parameter, p=5.75 scale parameter

20% infation in scale parameter, all others held constant

L rate parameter, p=6 scale parameter

Abbreviations: =shape parameter; =rate parameter

IR Studio requires the specification of the scale parameters in addition to the rate parameséanttate the

Exponential distribution

Table5: Mis-specified Lod.ogistic Distributed Baseline Hazard Functions Specified in Simulations for the

External Validation Dataset

Scenario

Baseline Hazard Function Parameters

20% reduction in apparameters

T rate parameter, p=4 shape parameter

15% reduction in all parameters

18 uate parameter, p=4.25 shape parameter

10% reduction in all parameters

T® rate parameter, p=4.5 shape parameter

5% reduction in all parameters

1§ uate parameter, p=4.75 shape parameter

5% inflation in all parameters

V& uate parameter, p=5.25 shape parameter

10% inflation in all parameters

L® rate parameter, p=5.5 shape parameter

15% inflation in all parameters

V& uate parameter, p=5.75 shape parameter

20% inflation in all parameters

@rate parameter, p=6 shape parameter

20% reduction in rate, all others held constant

T rate parameter, p=5 shape parameter

15% reduction in rate, all others held constant

T8 uate parameter, p=5 shape parameter

10% reduction in rate, all others held constant

1® rate parameter, p=5 shape parameter

5% reduction in rate, all others held constant

1§ uate parameter, p=5 shape parameter

5% inflation in rate, all others held constant

V& uate parameter, p=5 shape parameter

10% inflation in rate, all others held constant

L& rate parameter, p=5 shape parameter

15% inflation in rate, all othettseld constant

V& uate parameter, p=5 shape parameter

20% inflation in rate, all others held constant

@rate parameter, p=5 shape parameter

20% reduction in shape parameter, all others held consta

L rate parameter, p=4 shape parameter

15% eduction in shape parameter, all others held constar

L rate parameter, p=4 shape parameter

10% reduction in shape parameter, all others held consta

U rate parameter, p=4.5 shape parameter

5% reduction in shape parameter, all others hedthstant

U rate parameter, p=4.75 shape parameter

5% inflation in shape parameter, all others held constant

U rate parameter, p=5.25 shape parameter

10% inflation in shape parameter, all others held constan

U rate parameter, p=5.5 shape paraneet

15% inflation in shape parameter, all others held constan

U rate parameter, p=5.75 shape parameter

20% inflation in shape parameter, all others held constan] _

L rate parameter, p=6 shape parameter

Abbreviations: =shape parameter; =rate parameter

IR Studio requires the specification of the scale parameters in addition to the rate parameter to simulate the

Exponential distribution

Table6: Mis-specified LogNormal Distributed Baseline Hazard Functions Specified in Simulations for the

Extanal Validation Dataset

Scenario

Baseline Hazard Function Parameters

20% reduction in all parameters

Mean‘' 1, standard deviation p&
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15% reduction in all parameters Mean' 1& ystandard deviatiop p& X L
10% reduction in all parameters Mean‘' 1®, standard deviatiop p® v
5% reduction in all parameters Mean' 1& ystandard deviationp p& ¢ v
5% inflation in all parameters Mean‘ v& ystandard deviatiop p® X L
10% inflation in all parameters Mean‘' u®, standard deviatiop p&® v
15% inflation in all parameters Mean‘' u& ystandard deviationp p& ¢ L
20% inflation in all parameters Mean‘ ¢, standard deviatiop p&

20% reduction in mean, standard deviation held constant Mean‘ t18standard dewtion,, p®

15% reduction in mean, standard deviation held constant Mean‘ 1& ystandard deviatio p®
10% reduction in mean, standard deviation held constant Mean‘ 1®, standard deviation p®

5% reduction in mean, standard deviation hetthstant Mean‘' 1& ystandard deviatiop p®

5% inflation in mean, standard deviation held constant Mean‘ u& ystandard deviatiop p®
10% inflation in mean, standard deviation held constant Mean‘ u®, standard deviation p®
15%inflation in mean, standard deviation held constant Mean‘' u§& ystandard deviatiop p®
20% inflation in mean, standard deviation held constant Mean‘ @, standard deviatiop p®

20% reduction in standard deviation parameter, mean held consta Mean‘ v, standard deviation p&

15% reduction in standard deviation parameter, mean held constaq Mean‘ v, standard deviatiop p& X v
10% reduction in standard deviation parameter, mean held constg Mean‘ v, standard deviatiop p& v

5%r eduction in standard deviation parameter, mean held constanf Mean‘ v, standard deviationp p& ¢ v
5% inflation in standard deviation parameter, mean held constant | Mean‘ v, standard deviationp p®& X v
10% inflation in standard deviatiggarameter, mean held constant | Mean‘ v, standard deviatiop p#® v

15% inflation in standard deviation parameter, mean held constan] Mean‘ v, standard deviatiop p& ¢ v
20% inflation in standard deviation parameter, mean held constan| Mean‘ v, stardard deviation, p&)

Abbreviations: * =mean;, =standard deviation

Table 7:Baseline Hazard Functions Specified in Simulations Examining Effects of Different Disttibutions

Original Baseline Hazard Function and
Parameters

External Validation Dataset
Baseline Hazard Function
Distribution

Parameters of Baseline HazaFdinction of
External Validation Dataset

Weibull: _ v rate parameter, p=3 shape| Exponential U rate parameter, p=3 scale parameter
parameter LogLogistic L rate parameter, p=3 shape paramete
LogNormal Mean' v, standard deviatiop  p®
Exponential_ v rate parameter, p=3 Weibull U rate parameter, p=3 shape paramete
scale parameter LogLogistic L rate parameter, p=3 shape paramete
LogNormal Mean' v, standard deviatiop p®
LoglLogistic_ v rate parameter, p=3 Weibull U rate parameter, p=3 shape paramete
shape parameter Exponential U rate parameter, p=3 scale parameter
LogNormal Mean® v, standard deviation p&®
LogNormal: Mean* v, standard Weibull U rate parameter, p=3 shape parametg
deviation,, p® Exponential U rate parameter, p=3 scale parameter
LogLogistic U rate parameter, p=3 shape parametg

Abbreviations: fi=shape parameter; =rate parameter; =mean;, =standarddeviation
IR Studio requires the specification of the scale parameter in addition to the rate parameter to simulate the

Exponential distribution
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Figure 1:Weibull Distribution Baseline Survival Functions Simulated
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Figure 3:Weibull DistributionEffect of Baseline Survival Function fdadibration on Calibration Slopes

at S-years

Changes in Rate and Shape

o
©
a

o
©

o
©

libration SI -Bear
Cagato Sgpeatfoeas

~ 00}

(6)] (63

o
\l

0.65
s oo

N

oo

N

0\0

olo Q°\° (;\o 0e\o <g\o q/g

%
Percent Changg
=@=No Adjustment for Baseline Hazard Functi

=0 Adjustment Using Full Dataset

=0 Adjustment Using Value of Baseline Hazar
Function at 5-years

OCalibra_(gjon SIo_Be at—ﬁeérs

Change in Rate, Shape is
Fixed

© o

© o © U © o ° ©»
S o1 N o1 0o O

de oo
DN

.

ol olo

OIS

o oo o o

SIS
Percent Change
== N0 Adjustment for Baseline Hazard
Function
=0 Adjustment Using Full Dataset

S

N

== Adjustment Using Value of Baseline
Hazard Function at 5-years

Change in Shape, Rate

is Fixed
0.95
o
©
& 0.9
©
(]
50.85
0
508
©
S
=<0.75
O
0.7
LSS LLRRSR
n o n o n O o
N

Te]
Percent CRange
== N0 Adjustment for Baseline Hazarc

Function
== Adjustment Using Full Dataset

=@=Adjustment Using Value of Baselin
Hazard Function at 5-years

Figure 4Exponential Distribution Baseline Survival Functions Simulated
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Figure5: Exponential DistributionEffect of Baseline Survival Function Maibration on Overall-C
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Figure 7:LogLogistic Distribution Baseline Survival Functions Simulated
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Figure9: LogLogistic DistributiofEffect of Baseline Survival Function Maibration on Calibration

Slopes at fyears
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Figure 10LogNormal Distribution Baseline Survival Functions Simulated
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Figurel2: LogNormal DistributiorEffect of Baseline Survival Fuinct Mis-calibration on Calibration

Slopes at fyears

Change in Both Mean and

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

0

Calibration Slope at-§ears

-0.2

——

——

Standard Deviation

F”'

Jo 8!
P

oo

o oo
S5

do oo o
SIS

Percent Change
No adjustment for Baseline Hazard
Function
Adjustment Using Full Dataset

o

oo
A

Adjustment Using Value of Baseline Haza
Function at 5-years

Change in Mean,
Standard Deviation Fixed

Adjustment Using Value of Baseline
Hazard Function at 5-years

Ny
Percent Ehange
=@ No adjustment for Baseline Hazard

Function
=@ Adjustment Using Full Dataset

o 1 1
@ 0.9 0.9
0.8 £ 0.8
©0.7 8 07
206 = 0.6
005 S 05
c0.4 _g 0.4
=0.3 03
502 = 02
T0.1 O 0.1
0 0
0.1 5190\0 :\</,3>\° :\90\0 S g g g g e -0.1

5%
0%
5%
0%
5%

-20%

Function

Lo
< < Percent CRange™
=@=No adjustment for Baseline Hazard

Change in Standard
Deviation, Mean Fixed

X
S

X

0%

== Adjustment Using Full Dataset

Adjustment Using Value of Baseline

Hazard Function at 5-years

Figure 13Effect of Differences in Development and External Validation Distribution Types

a) GCstatistic

External Validation Dataset Distributions

Weibull Exponential LogLogistic LogNormal
0.8367112 0.8399242 0.8246607
0.8366219 (95%| (95%CI: (95%CI: (95%CI:
Cl: 0.8352965 | 0.8353407 0.8384101 0.8236325
Weibull 0.8379474) 0.8380817) 0.8414383) 0.8256889)
0.8355315 0.8346368 0.8383645 0.8246120
(95%CI: (95%CI: (95%CI: (95%CI:
Development _ 0.8340785 0.833159 0.8368202 0.8236087
Dataset Exponential 0.8369845) 0.8361147) 0.8399088) 0.8256153)
Distributions 0.8355114 0.8359539 0.8386561 0.8255020
(95%CI: (95%CI: (95%CI: (95%CI:
0.8340431 0.8345125 0.8372321 0.8244950
LogLogistic 0.8369797) 0.8373953) 0.8400802) 0.8265090)
0.8350423 0.8358257 0.839214 0.8242428
(95%CI: (95%CI: (95%CI: (95%CI:
0.8335981 0.8343493 0.8377163 0.8232628
LogNormal 0.8364866) 0.8373022) 0.8407117) 0.8252228)

b) Calibration Slop&lo Adjustment for Baseline Hazard Function

External Validation Dataset Distributions

Weibull

| Exponential

| LogLogistic

| LogNormal
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0.8974972 0.8953464 0.9142518
(95%Cl: (95%Cl: (95%Cl: 0.8926545 (95%C
0.8912849 0.8891743 0.9079561 0.8878884
Weibull 0.9037096) 0.9015185) 0.9205474) 0.8974207)
0.8943893 0.8925387 0.9067699
(95%Cl: (95%Cl: (95%Cl: 0.8909848 (95%C
Development | 0.8878173 0.885869 0.9001691 0.8863231
Dtaset Exponential 0.9009612) 0.8992083) 0.9133707) 0.8956465)
Distributions 0.8879654 0.8923066 0.9076416
(95%Cl: (95%Cl: (95%Cl: 0.8919431 (95%C
0.8814591 0.8859198 0.9007281 0.8875239
LogLogistic 0.8944718) 0.8986934) 0.9145551) 0.8963623)
0.8913411 0.8948727 0.9075134
(95%Cl: (95%Cl: (95%Cl: 0.8919861 (95%C
0.8849376 0.8885210 0.9007023 0.8872721
LogNormal 0.8977447) 0.9012244) 0.9143245) 0.8967001)

c) Calibration Slop&djustment Using Full Dataset

ExternalValidation Dataset Distributions

Weibull Exponential LogLogistic LogNormal
0.8974972 0.8716971 0.9045238 0.4854874
(95%CI: (95%CI: (95%CI: (95%CI:
0.8912849 0.8658569 0.8979923 0.4818572
Weibull 0.9037096) 0.8775374) 0.9110552) 0.4891175)
0.8707862 0.4852297
(95%CI: 0.8925387 0.902426 (95%C] (95%ClI:
Development _ 0.8648595 (95%CI: 0.885869 0.8959831 0.4815944
Dataset Exponential 0.8767128) 0.8992083) 0.9088690) 0.4888649)
Distributions 0.8458899 0.8490318 0.9076416 0.4746717
(95%CI: (95%CI: (95%CI: (95%CI:
0.8397953 0.8428966 0.9007281 0.4710191
LogLogistic 0.8519844) 0.8551671) 0.9145551) 0.4783242)
1.6269679 1.6383971 1.5832442 0.8919861
(95%CI: (95%CI: (95%CI: (95%CI:
1.6070278 1.6183713 1.5642418 0.8872721
LogNormal 1.6469081) 1.6584230) 1.6022466) 0.8967001)

d) Calibration SlopeAdjustment Using Value of Baseline Hazard Functioryab$s

External Validation Dataset Distributions
Weibull Exponential LogLogistic LogNormal
0.8974972 0.8281120 0.2396345
(95%Cil: 0.7557693 (95%C| (95%ClI: (95%Cil:
0.8912849 0.7491592 0.8212282 0.2327671
Development Weibull 0.9037096) 0.7623794) 0.8349957) 0.2465018)
Dataset Distributiong 0.7478681 0.8234851 0.2308400
(95%Cil: 0.8925387 (95%C| (95%Cl: (95%Cl:
0.7410791 0.885869 0.8165245 0.224008%
Exponential 0.7546571) 0.8992083) 0.8304457) 0.2376712)
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0.7530837 0.9076416 0.2418188
(95%Cl: 0.7562195 (95%C| (95%ClI: (95%Cl:
0.7466801 0.7500628 0.9007281 0.2346658
LogLogistic 0.7594873) 0.7623762) 0.9145551) 0.2489717)
0.8173281 0.8684009 0.8919861
(95%Cl: 0.8158687 (95%C| (95%Cl: (95%Cl:
0.8123343 0.8110724 0.8633253 0.8872721
LogNormal 0.8223220) 0.8206649) 0.8734766) 0.8967001)

Abbreviation: CI=Confidence Interval

Table 8:Calibration Slope at-Bears For Pr&Xxisting Prognostic Models for All Patients

Distribution | Pre-Existing Prognostic Model | Calibration Slope at years | Rank
Kattan et al, 2001 0.025 5

Cindolo efal, 2003 0.85 2

Weibull | Yaycioglu et al, 2013 0.032 4
van der Mijn et al, 2019 1.071 1

Yaycioglu et al, 2001 0.656 3

Kattan et al, 2001 0.025 5

Cindolo et al, 2003 0.868 2

Exponential | Yaycioglu et al, 2013 0.033 4
van der Mijn et al, 2019 1.101 1

Yaycioglu et al, 2001 0.67 3

Kattan et al, 2001 0.025 5

Cindolo et al, 2003 0.848 2

LogLogistic| Yaycioglu et al, 2013 0.032 4
van der Mijn et al, 2019 1.061 1

Yaycioglu et al, 2001 0.656 3

Kattan et al, 2001 0.025 5

Cindolo efal, 2003 0.809 2

LogNormal | Yaycioglu et al, 2013 0.032 4
van der Mijn et al, 2019 1.057 1

Yaycioglu et al, 2001 0.656 3
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Chapter 5Predication of Clear Cell Renal Cell Carcinoma Recurrence using the
Canadian Kidney Cancer Information System

5.1 Abstract
Introduction The risk of cleacell renal cell carcinoma cancer recurrence following surgery has been

shown to vary considerably based on prognostic factors. Previous external validation of models for kidney
cancer recurrence have shown a wide ganin model performance, potentially due to single institution
data, analysis of neoontemporary patients, or absence of known prognostic factors. The purpose of this
analysis is to create, and internally validate, a new prognostic model for recurreesurvival using a

large contemporary cohort of Canadian Clear Cell Renal Cell Carcinoma patients.

Methods Data from the Canadian Kidney Cancer Information System (CKCis) was used. CKCis is a
nationwide prospective cohort of patients treated since Ja@l1. Prognostic models for recurrence

free survival usingpalue selection, backwardsootstrap selection, and elastic net penalization selection

were used. The minimum required sample size for model creation was calculated to assess statistical
power. Rognostic models were validated using optimism corrected bootstrapping and assessed for
overall estatistic, eindex over time, calibration slopes at 3- and 5years and calibration curves at 2

and 5years postsurgery. Decision curve analysis wiggd to assess clinical utility. Risk groups were

developed using several techniques and compared.

Results3371 patients met inclusion criteria and 2555 were used to develop and internally ass€3¢6Gise
prognostic model. The sample size was adequateii@del creation (minimum 261). The best performing
prognostic model for recurrence free survival included lymph node stage, tumour stage, tumour size,
tumour necrosis, sarcomatoid differentiation, surgical margin status, serum neutrophils, and performance
status. This model had an overalstatistic of 0.85, calibration slopes at, 3 and 5years of close to 1,

and good calibration performance based on calibration curves,as-2and 5 years. Based on-fear
recurrence decision curve analysis, thisdal is useful for clinically important recurrence thresholds (up

to 35%). Minimal differences in performance were identified in sensitivity analyses using stage
components (instead of stage groupings), multiple imputation for missing data, fmid kaldation.
Sensitivity analyses whenvalues for entry/exit in models of 0.2 and 0.1 yielded less parsimonious
models with only slight differences in prognostic performance. The risk group classification system had a

c-statistic of 0.83.
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ConclusiondJsing darge cohort of contemporary Canadian patients with cleglf carcinoma, a model
to predict recurrence was developed that incorporates prognostic variables universally available in clinical

practice. This model should be externally validated.

5.2 Introdudion
The purpose of prognostic modelling is to predict the risk of clinical outcomes (1). Prognostic modelling

can be used for patient counselling and delivery of personalized targeted interventions, such as testing or
treatment (1). Prognostic models aa¢so useful for clinical trial efficiency and patient stratification (1).
Incorporating prognostic models in clinical decisions should allow-rigghpatients to receive timely
treatments and lowrisk patients to avoid unnecessary investigations or treaits (1). Prognostic models
should be evaluated over time and updated, as needed, due to changes in contemporary detection

methods and treatments (2).

Various anatomical, histological, clinical, laboratory, and genetic factors have been associated with
recurrence or progression of disease in patients with kidney cancer. Anatomical factors include local
tumour invasion and nodal metastases (3). Histological features include nuclear grade, sarcomatoid
features, histological subtype, and tumour necrosis Cinical features include performance/functional
status and symptoms (3). Laboratory factors include serum hemoglobin, neutrophils, platelets, and
calcium(4). There may also be genetic and probeEised markers that are associated with kidney cancer
progrosis (3). Prognostic factors have different strengths of association; for instance, pathological factors
such as tumour grade have been demonstrated to be stronger predictors than clinical factors, such as

hematuria (5).

Numerous prognostic models for rahcell carcinoma recurrence have been created. However,
assessments have revealed varied performance and a narrow range of decision thresholds with clinical
utility. The purpose of this study was to create and internally validate a prognostic modeldraaddrge

cohort of contemporary Canadian kidney cancer patients with Clear Cell Renal Cell Carcinoma (ccRCC).

5.3 Methods

5.3.1 Study Population
CKCis is a prospective cohort of kidney cancer patients enrolled at 14 academic tertiary care institutions

across Canada. Patients have been enrolled and followed prospectively since January 1, 2011 and data
cutoff for this study was June 30, 2021. Weundeld patients with incident diagnosis of a clinically localized
ccRCC treated with surgery (radical or partial nephrectomy). Patients were excluded if they were aged <18

years at surgery, those with clinical metastases, those treated with methods otheptdial or radical
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nephrectomy, those with multiple tumours or congenital renal cell carcinoma syndromes, and those with
non-clear cell RCC histology. Ndear cell histology was excluded because prognostic factors do not seem

to be consistent across RGubtypes and models that include all RCC subtypes have worse performance.
ccRCC accounts for greater than 70% of incident RCC histology. Figure 1 outlines the development of the

patient cohort used in prognostic model development.

5.3.2 Outcome
Time torecurrence was defined as time from surgery date to date of kidney cancer recurrence (usually

detected via surveillance imaging).

5.3.3 Prognostic Variables
Potential model parameters were assessed from the CKCis cohort. Parameters were agwvesgid

imaging, pathological observation of tumour specimens and laboratory assessment of blood work. These
variables were selected based on availability in clinical practice, availability in CKCis, inclusion in previous
models, and on clinical intuitionariables with a high proportion of missing data or obvious collinearity
issues (e.g clinical T stage and pathological T stage) were removed with the most reliable variables (e.qg.
pathologic stage) retained. Pathologic stage for kidney cancer incorparaiegosite features (eg pT3a

is assigned for either sinus fat invasion, renal vein thrombus, or invasion ehggric fat). While
pathological T stages T1la and T1b were combined as T1 and T2a and T2b were combined as T2, all other
prognostic variables &re retained as is without any further reclassification.As a sensitivity analysis, stage
components were included in models instead of tumour stage groupings to determine if stage
deconstruction improved model performance. Given that surgery could trathgiempact laboratory

parameters, preoperative results were used.

5.3.4 Prognostic Model Development
Prognostic models were constructed using variables with greater than 70% complete data. Methods of

parameter selection were-palue (forwards, backwardand stepwise), backwards bootstrap, and elastic

net penalization. The benefits and limitations of different methods are outlined in chapter 2. Prognostic
models were created using Cox Proportional Hazards Models. Sensitivity analyses for model development
included varying entry and exitymlue thresholds (for walue parameter selection methods). Model
development and internal validation for the selection of the best performing prognostic model was

completed using complete case analysis.
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5.3.5 Internal Valation
Internal validation was performed to assess the performance of the model on indicators of accuracy:

overall estatistic, cindex over time, calibration slope (at,- and 5years), calibration curve (at,23

and 5years) and decision curve awsils (5years). The Cox Proportional Hazards Model was used to
generate predicted recurrence free survival probabilities and Kalglaier survival analysis was used to
generate observed probabilities of recurrence free survival. The models were validatdte same
cohort as model development. Optimisoorrected bootstrapping was used for internal validation using
500 samples with replacement. Overa8itatistic, cindex over time, and calibration slope were calculated
by using the mean of the optimismluas from each of these parameters in the 500 samples. An alternate
method of internal validation usingfld groupings (the dataset is divided into k partitions and the mean
of each partition is used) was also used(6jold analysis using k=10 was ds® construct calibration
plots at 2, 3 and 5years. Calibration plots from both bootstrap analysis adAl#& analysis were

compared.

The overall statistic is a measure of the discriminative ability of the model as measured by the proportion

of pars in which the higher risk observation is identified correctly (Htafistics range from 0 to 1 with

values closer to 1 signifying more optimal discrimination and this@ signaling clinical usefulness (7).

Gindex measures discriminative ability avéime by measuring the discriminative ability of all
observations from baseline (time=0) to the time point of interest (i.e. fimdex at S5years postsurgery,
observations with time to followup between 0 and 5 years would be included) (8). Calibralimme at 2

,3-, and 5years is assumed to have a slope of 1. The optimism correction is estimated using bootstrapping,

and the optimism corrected calibration slope is obtained by subtracting it from 1. Where predicted
survival probabilities were obtaineftom the prognostic model, observed survival probabilities were
obtained using Kaplakleier survival analysis (9). Calibration curves foi32and 5years were created

using LOESS curves. To generate calibration curves 100 groups were used. Caliasasilso wssessed

by determining the proportion of patient groups within 5% and within 10% of predicted risk (i.e.

£ QI QIQLADIOVAT 0 Q) HRQMUIAEWR'A i L J(RoKistance, if a patient gip had

a predicted recurrence free survival probability of 0.75 agears postsurgery and the observed
NEOdzZNNBY OS FNBS &dzNDAGlIE LINRPOLOAfAGE 6F& noTdhE A
recurrence free survival probability was 0.8hetpatient group would not meet such agreement. The

AlYS LINAYOALX S 61 a | LILX ASR T aasllyldecBiondrve ari@lfsis até £’z Q |
years was used as an evaluation of clinical utility by obtaining the range of patient risk atttdich

prognostic model yielded a clinical net benefit (10). The net benefit in a decision curve is the weighted
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difference between true positive and false positives at a given threshold probability (10). Given that this
model may be used to select patierfts adjuvant therapy (which would likely have toxicity), we believe
that a clinically useful threshold range would be between 20% and 30%. In all assessments, a comparison

referent model was created using tumour stage as the sole prognostic variable.

Thebest prognostic model (CKCis model) was subjectively determined by selecting the model with an
adequate estatistic §0.7), acceptable calibration, reasonable parsimony, and the largest range of patient

risk thresholds for which the model yielded net aadibenefit.

After the best model (CKCis model) was selected, the potential impact of missing data was assessed using
multiple imputation, assuming data were missing completely at random with the Substantive Model
Compatible Fully Conditional Specificatibiastly, we assessed if our cohort had adequate sample size to
assess performance. The minimum sample size required for prognostic model construction given the

mean followup time, event rate, and other relevant parameters was calculated (11).

5.3.6 Risksroup Development Based on the CKCis Model
There were several methods used for the creation of risk groups. For consistency with previous RCC

prognostic models, we decided to create 4 risk groups (Low, Intermediate, High, and Very High). The first
method?2 3ISYSNIFI GS NR&]1 3INRdzLJA g+ a GKS Wldzad NIAES YSiGiK:
scores. For instance, the Leigk group in this method would contain all patients with risk scores from

zero until the first quartile. The second method wak S WY Sl y NAR &1 a02NB YS(iK2R
recurrence free survival probability was divided into three ranked groups from highest to lowest and the

mean risk score for each group calculated. The risk group thresholds were the mean risk scorels for ea

ranked group (eg low risk was all scores from 0 to the mean of the first ranked group). The third method

gl a GKS WLISNDSy G AN S andBd pepcénfiles ofdisk gedres akiiBesholds (12). For

example, patients with risk scores alsothe risk score atthe 84 JSNOSYy i At S 6SNBE O2y aiR!
KAIK NAREA]lPQ ¢KS F2dz2NIK YSiGK2R ddbels thatkvBuld WeFlike@ & @I £ A R
O2NNBalLRyR G2 F LIGASYdG FyR Of Ay Ar@ihgwta<@0%g8aklO S LIG A 2
recurrence risk was considered low risk, 18%30% for Intermediate risk, 3090% for High risk ang/0%

for Very High risk. All recurrendéeee probabilities were converted into risk scores by determining the risk

score that correspoded to the survival probability from the-year nomogram using polynomial

regression. Risk score cutoffs for each risk group are presented in Table 10.
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5.3.7 Risk Group Assessment
To compare risk group classification systems, we determined the propatioatients in each risk group

(to assess distribution), the Kaplan Meier curves (to assess stratification anddaisd concordance),
overall estatistic (to assess discrimination) and predicted vs. observed number of events (to assess
calibration) (B). Labeto-risk concordance means that the label (low, intermediate, high, or very high)
should correspond to what most patients and clinicians would consider the numerical recurrence risk. For
example, most patients would likely consider 5% risk of mecice to be low risk and 75% risk of

recurrence to be very high risk.
Statistical analyses were performed using SAS Enterprise Guide 8.2, Microsoft Excel 2016 and R 4.0.2.

5.4 Results
After exclusions 3,731 CKCis cohort patients had a sporadic, solitary, clear cell RCC treated with surgery.

Of these, 1,933 (51.8%) underwent radical nephrectomy, 2,448 (65.6%) were male, mean age at surgery
was 60.8 years (95%ClI: 60.4 yegt? years). ie mean Charlson emorbidity score was 4.4 (95%Cl:4.4

4.5) with 1,900 (52.7%) patients having hypertension and 824 (22.8%) patients having diabetes. (Table 1).
At clinical presentation 1,029 (27.6%) patients had local symptoms (eg hematuria) and 226h&d1%
systemic symptoms (eg weight loss). There was a high distribution of lower risk tumors, with 1,559 (41.8%)
pathological T1a stage and 1,642 (44.6%) grade 2 (out of 4). Coagulative tumour necrosis was present in
849 (22.8%), 129 (3.5%) had sarcomateatures, and 248 (6.9%) had positive surgical margins.

5.4.1 Recurrence Free Survival Prognostic Model
Overall, 761 patients experienced recurrence at last follpawith estimated recurrence risk of 16.4%,

20.2%, and 26.9% at,3- and 5years postsugery. Mean followup time was approximately twygears.

Figure 2 shows the recurrence free survival of patients over timegqasglery. Assuming complete follew

up truncated at Byears, median follovup in those without recurrence was 2 years. Specificmence

risks may vary slightly across prognostic models due to exclusion of patients with incomplete data for each
individual prognostic model. Loss-follow up was 11.2% at-Years postsurgery, 17.4% at-8ears post
surgery and 17.7% atyears posisurgery. Low preoperative hemoglobin was found to be associated
with increased risk of recurrence on univariable analysis. All other prognostic variables were found to have
positive associations with increased recurrence risk. Smoking;ogeetive serum creatinine
concentration, and pr@perative platelet concentrations were not significantly associated with risk of

recurrence. (Table 2).
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The construction of prognostic models for recurrence free survival is as outlined in Table 3a and Table 4b.
Dependingon the parameter selection method, the parameters included corresponding magnitude of
hazard ratios varied. In some scenarios theafue section methods (forward, backward, and selection)

produced the same parameters.

5.4.2 Internal Validation Using Opism Corrected Bootstrap
Prognostic models were created including pathological T stage and excluding pathological T stage as a

sensitivity analysis. Overall, prognostic models including pathological T stage had better discrimination,
calibration, and cliral utility. The pralue selection model including pathological T stage (CKCis model)
was the best performing model. The overaditatistic, calibration slopes at,23-and Syears posisurgery,

sample size available for corresponding model developmeatpaesented in Table 6a for prognostic
models including pathological T stage and Table 6b for prognostic models using stage components rather

than T stage. The overalstatistic was 0.851 (Tables 5a&5b; Figure 3))

LOESS smoothed calibration curvesémurrence free survival-23- and 5years postsurgery are shown
inFigures & | YR GéAUGKAY p2é FYR GgAGKAY wMm:¢é FANBSYSy
performance was reasonable despite some underd overestimation of recurrence free suival. In

general, calibration performance over time decreased fromtd 5-years postsurgery. Calibration
performance was also better at higher recurrence free survival probabilities, indicating better

performance in lowerisk patients.

From decisiorturve analysis,palue selection model had a wide range of clinical utility. All models had
net-benefit in the range of threshold probabilities which we believed would have clinical utility for
selection of adjuvant therapy (20% to 30% treatment thredBplAll prognostic models had better

performance than pathological T stage alone (Tables 6a &6b, Figure 7)

5.4.3 Sensitivity Analysis Based arajues for Automated Parameter Selection
A sensitivity analysis was performed for automated parameétection models (forward, backward and

stepwise selection) with more liberahmlues for model entry and exit (p=0.2, p=0.1). The models are
shown in Tables 7 and resulted in more parameters with minimal change in model performance compared
to the automaed parameter selection models generated usinggtues of 0.05, these models have

marginally improved discrimination and calibration. (Tabl€s Bigure 812).
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5.4.4 Internal Validation Usingddd Validation Compared to Optimism Corrected Bootstrap
K-fold validation was compared to optimism corrected bootstrap sampling. Slight differences were

observed for overall-statistic, calibration slope, calibration plots, and proportion agreement. (Figures 4

6 for internal validation using bootstrap, Figurefb8k-fold validation).

5.4.5 Sensitivity Analysis for Missing Data Using Multiple Imputation
To examine the potential effect of missing data, multiple imputation using 14 imputed datasets was used.

Internal validation using optimism corrected bootstrappion the imputed datasets resulted in an overall
c-statistic of 0.845 (95%CI:0.845345). Calibration slopes were similar at 1.000 (95%CI:1.22®),
0.999(95%C]1:0.9998.000) and 0.999 (95%CI.0.99900) at 2, 3- and 5 years postsurgery (Table 5al>

index over time was also similar at all time points compared to those observed when complete data were
used (Figure 14). While 100% agreement within 10% was observed at all timepoints in both methods, the
proportion of patient groups with agreement with 5% was lower when multiple imputation was used
(57% vs. 100% aty®ars postsurgery,42% vs. 100% at8ars postsurgery and 51% vs. 56% ayé&ars
post-surgery). This is corroborated in calibration plots at®2and 5years postsurgery (Figure 15).

5.4.6 Minimum Required Sample Size for New Model Creation
All prognostic models had sample sizes larger than the minimum required sample size. This indicates

adequate statistical power for model creation in all models (Tables 5a&5b).

5.4.7 Final Modebelection
Overall, the pvalue selection model including pathological T stage is recommended for the prediction of

recurrence free survival prognosis based on good discrimination, calibration, and parsimony. The
nomogram for this model is shown (Figure .1BR)sk scores would be determined for each prognostic
variable, individual scores for each variable would be added and the total risk score would be mapped to
AGaQ O2NNBaALRYRAY3 NB OdNNByIGEardFiidGgedy.dzNIDA S £ LINR 6 |

The emulative baseline hazard function was determined to follow a Weibull distribution and have values

of 0.096 at 2years postsurgery, 0.129 at-§ears postsurgery, and 0.198 atfears postsurgery.

5.4.8 Risk Groups
Using the CKCis model, the rislore cutoffs for each risroup classification method is given in Table 10.

Risk group assignments for individual patients and the distribution of risk groups varied based on the
method used for risk group classification. There was good distributioatt#rgs into risk groups for all
methods, with most patients classified as lowk for recurrence using the meaisk-score and face

validity methods. (Figure 17).
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On KaplafMeier survival curves, considerable overlap is observed between the low anchad&te risk
groups in all methods except the fawalidity method. (Figure 18). Recurrence rates were observed to
have varied based on the method used to classify patients into risk groups (Figure3. IT9&
distributions of prognostic variables by rigikoups are presented in Tables 11 to 17 and Figures 20 to 28

below.

All risk group methods provided good discrimination, with the face validity method having the highest ¢
statistic (0.83). Similarly, all risk group methods provided good calibrationomithminor under and
over-estimation of recurrences (Figure 29). The faaédity risk group method was felt to be optimal
based on the combination of patient distribution, separation of surwivewes, labeto-risk concordance,

discrimination, and dération.

5.5 Discussion
In this study, the best performing prognostic model for recurrence free survival wasuaki@ selection

model that incorporates pathological T stage (CKCis model). This model had an estatédtic of 0.85
and calibration pes of 1.0. This model also had the highest proportion of patients within 5% and 10%

predictive error and had ndbenefit within clinically useful recurrengerobability thresholds.

In general, prognostic models for recurrence free survival includingofgical T stage had better
performance than those without pathological T stage. When results from internal validation ufstty k
validation were compared to those from optimism corrected bootstrapping, the performance of the
model was similar. Multipl imputation yielded slightly lower, but similarstatistics, eindex over time

and calibration.

We previously published the performance of prognostic models for recurrence in our CKCis cohort. Not
surprisingly, compared to previous models for recurreritbe present model had better discrimination

and calibration. The better performance is expected given the model was generated and assessed from
the same cohort. In general, comparisons between studies should be discouraged and model performance
and compaisons are best assessed within an independent cohort where all predictor variables are

available.

Based on external validation studies, the best performing models for ccRCC recurrence were from Mayo
Clinic and Memorial Sloan Kettering Cancer Centre flddbmparison of parameters from these models
to the CKCis model is shown in Figure 30. Consistent prognostic factors across all models include tumour

size, grade, and necrosis €13). However, there are a number of parameters unique to the CKCis model,
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including surgical margin status, Charlson-n@wbidity Score, and preperative serum neutrophil
concentration. The presence of a positive surgical margin (presence of aggregated tumour cells at the
inked margin) is intuitively associated with recurrena rbut has not been included in previous models
(18). It is possible that more aggressive use of partial nephrectomy in contemporary patients may explain
why this has become a stronger predictor. The CKCis model also includes neutrophils and sarcomatoid
differentiation. Both findings have biologic plausibility {48). Charlson comorbidity score has not been
included in previous models. The reasons that patienmmobidity is associated with recurrence is
unclear, but perhaps patients with greater comatity have lower host immune function or less tolerance

to treatments (ie. comorbidity bias) (23).

5.5.1 Limitations
There were several potential limitations in this study. Some patients were excluded due to missing data

and some potential prognostic marlere.g. preoperative serum calcium) could not be evaluated
because too few patients had these tested prior to surgery. While the inclusion of contemporary patients
was a strength, follovwup was relatively short, highlighting the need to revise prognestidels over time

as more years of followp and data are accumulated.

5.5.2 Strengths
This study also has relative strengths. The CKCis cohort is representative of Canadian kidney cancer

patients, comprising of roughly orfdth of all kidney cancer patigs in Canada (24). The sample sizes
used in the creation of prognostic models in this study were greater than most sample sizes reported in
pre-existing prognostic models. We used multiple approaches to prognostic model building which allowed
for the seletion of the best performing model and examine how model construction and performance
varied across different methods. Sensitivity analyses usfotglicrossvalidation and multiple imputation
demonstrate how techniques used in data validation and misdi@ig affect assessment of model
performance. This study also compared the effect of including pathological T stage as a prognostic factor
compared to solely including the components of pathological T stage without pathological T stage itself.
This studywas the first study to report values of the cumulative baseline hazard function for prognostic
models constructed using the Cox Proportional Hazards model, allowing for more accurate assessment in
external validation studies. The inclusion of multiple noeth to create risk group classification systems

to ensure that any variation due to differences in the definition of risk groups across different methods
(i.e. Lowrisk definition varying across different methods) is captured. The use of multiple methods i
evaluating risk group classification systems allowed for clinically useful selection based on distribution,

discrimination, calibration, and label concordance.
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5.6 Conclusion
The pvalue selection model including pathological T stage was the best peénfgrmodel to predict

recurrence free survival in Canadian ccRCC patients (CKCis model). The CKCis model had good
discrimination and calibration. The results were robust as multiple sensitivity analyses revealed similar
performance. The CKCIs models met be externally validated in other populations to ensure clinical

utility outside of Canadian patients. If externally valid, the CKCis risk groups could be applied broadly to

clinical practice and research

5.7 Other Information
There is nsupplementary information available and this study did not receive any external funding.
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5.9 Figures and Tables
Figure 1:Summary of Patients Included for Analysis

CKCis Patients of all|
Histology Included afte]
Exclusion Criteria
Applied: N=5321

Exclude NotClear Celll_|
Patients:N=1486

Clear Cell Renal Cell
Carcinoma Patients:
N=3835

Exclude Patients with|
Inconsistent Features ahd|
Pathological T stage:,

N=104

Patients Included in
Creation of Prognostid
Models: N=3731

Exclude: Patients witl

Incomplete Data for ea

Individual Prognostic
Model Creation

| E2

Individual Prognostic
Model Creation Sampl
Sizes

Abbreviations:N=number of patientsCKCis=Canadian Kidney Cancer Information System

Tablel: Patient Characteristics of Patients Included in the CKCis Cohort for Analysis

Features N (%) Mean (95%ClI); Median@QR)
Ageat Qurgery(years) 60.8 (60.461.2); 61.3 (53-59.1)
Sex

Female 1283 (34.4)

Male 2448 (65.6)
Local Symptom (Yes) 1029 (27.6)
Systemicmptom (Yes) 226 (6.1)
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Charlson Canorbidity Sore 4.4 (4.44.5); 4.0 (3.66.0)
EverSmoker (Yes) 1943 (58.6)
Diabetic(Yes) 824 (22.8)
Hypertension(Yes) 1900 (52.7)
Hemoglobin(g/L) 134.3 (133.5134.9); 137.0 (122:048.0)
Neutrophil (x 10 cells/L) 6.0 (5.86.2); 4.9 (3.57.2)
Platelet (x 1P cells/L) 247.6(243.9251.4); 234.0 (193:281.0)
Qreatinine (umol/L) 91.2 (89.293.2); 81.0 (69498.0)
Extent
Partial 1798 (48.2)
Radical 1933 (51.8)
PositiveMargin(Yes) 248 (6.9)
Tumour Grade
Gl 241 (6.5)
G2 1642 (44.6)
G3 1353(36.7)
G4 449 (12.2)
NecrosigYes) 849(22.8)
Sarcomatoid(Yes) 129(3.5)
Pathological T stage
Tla 1559(41.8)
Tlb 757(20.3)
T2a 179(4.8)
T2b 60(1.6)
T3a 1059(28.4)
T3b 79(2.1)
T3c 20(0.5)
T4 18(0.5)
Pathological N stage
NX 3008(80.6)
NO 661(17.7)
N1 62(1.7)
Tumour Size (cm) 5.2(5.15.4);4.5(3.07.0)
InvasionAdrenaldand(Yes) 15(0.4)
InvasionPerinephridrat (Yes) 417(11.8)
InvasionSnusFat (Yes) 546(15.5)
Tumour Thrombus
No 3046(82.9)
Level O 469(12.8)
Level 14 160(4.4)
OEGSYyaAz2y hdzidaARS| 8(0.2

Abbreviations: N=number of patients; Cl=confidence interval; IQR=interquartile range; g=gram; L=litre;
pmol=micromole; cm=centimeter; Tla=pathological T1la stage; T1b=pathological T1lb stage; T2a=pathological T2a
stage; T2b=pathological T2b stage; T3a=pathological T3a stage; T3b=pathological T3b stage; T3c=pathological T3c
stage; T4=pathological T4 sta@&l= tumour grade 1; G2=tumour grade 2;G3=tumour grade 3; G4=tumour grade 4;
NO=pathological NO stage; NX=nodal resection not assessed; N1=pathological N1 stage
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IData provided as count (%) or meg@5%Cl);median (IQR) as needed

Figure2: Recurrence Free Suwal in Patients Included
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Table2: Univariate Recurrence Free Survival Models

+ Censo

Features Hazard Ratio (95%Cl)
Ageat Qurgery(years) 1.02(1.021.03)
Sex

Female Ref

Male 1.67(1.411.96)
Local Symptom (Yes) 1.67(1.441.93)
Systemicymptom (Yes) 2.55(2.073.16)

Charlson Canorbidity ore

1.19(1.151.23)

Ever Smoker (Yes)

0.88(0.761.03)

Diabetic(Yes) 1.32(1.121.55)
Hypertension(Yes) 1.37(1.181.59)
Hemoglobin(g/L) 0.98(0.980.98)

Neutrophil (x 1P cells/L)

1.02(1.061.04)

Platelet (x 1@ cells/L)

1.00(1.061.00)

Qreatinine(umol/L)

1.00(1.061.00)

PositiveMargin(Yes)

2.09(1.672.62)

Tumour Grade
G1
G2

Ref
1.27(0.782.06)
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G3
G4

3.37(2.165.42)
11.35(7.0318.32)

NecrosigYes)

3.69(3.264.26)

Sarcomatoid(Yes)

6.00(4.757.57)

Tla
Tib
T2a
T2b
T3a
T3b
T3c
T4

Pathological T stage

Ref
3.64(2.674.97)
8.84(6.2312.57)
16.43(10.7125.20)
13.52(10.3317.69)
23.86(16.2235.10)
25.41(13.9%46.28)
35.70(18.7657.95)

NX
NO
N1

Pathological N stage

Ref
2.47(2.162.89)
12.66(9.3217.22)

Tumour size (cm)

1.27(1.251.29)

InvasionAdrenalJand(Yes)

4.79(2.399.63)

InvasionPerinephrid-at (Yes)

4.04(3.454.75)

InvasionSnusFat (Yes) 3.74(3.204.37)
Tumour Thrombus
No Ref
Level O 3.47(2.924.12)
Level 14 5.90(4.707.41)

Extensior? dzi 8 A RS DSYER)U I Q&

15.16(7.1832.02)

Abbreviations:N=number of patients; Cl=confidence interval; g=gram; L=|ittegl=micromole; cm=centimeter;
Tla=pathological Tla stage; T1lb=pathological T1lb stage; T2a=pathological T2a stage; T2b=pathological T2b stage;
T3a=pathological T3a stage; T3b=pathologicalsi@&e; T3c=pathological T3c stage; T4=pathological T4 stage;
G1=tumour grade 1; G2=tumour grade 2;G3=tumour grade 3; G4=tumour grade 4; NO=pathological NO stage;
NX=nodal resection not assessed; N1=pathological N1 stage

Table3a: Parameters and Hazard Ratios (95%CI) for Recurrence Free Survival Including Pathological T

stage'
Risk Factor Forward Selection | Backwards Stepwise Backwards Elastic Net
(p-Value Selection)| Selection Selection Bootstrap Selectiort
Selectiort
Tumoursize (cm) 1.13(1.091.17) 1.13(1.091.17) | 1.13(1.091.17) |1.14 17.42

Neutrophil (x 18cells/L)

1.03(1.011.05)

1.03(1.011.05)

1.03(1.011.05)

Not Applicable

Not Applicable

Charlson Caenorbidity Score

1.19(1.131.25)

1.19(1.131.25)

1.19(1.131.25)

Not Applicable

Not Applicable

Pathological N Stage

NX Ref Ref Ref Ref Ref

NO 1.12(0.901.40) 1.12(0.961.40) | 1.12(0.901.40) 1.10 1.26

N1 2.71(1.724.27) 2.71(1.724.27) | 2.71(1.724.27) | 3.89 1.58
Pathological T Stage

T1 Ref Ref Ref Ref Ref
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T2 2.13(1.463.23) 2.13(1.463.23) 2.13(1.463.23) 2.39 1.34
T3a 2.75(2.033.73) 2.75(2.033.73) 2.75(2.033.73) 2.53 1.80
T3b 3.38(2.085.50) 3.38(2.085.50) 3.38(2.085.50) 3.49 241
T3c 4.44(2.189.02) 4.44(2.189.02) | 4.44(2.189.02) 3.50 3.23
T4 2.41(0.995.87) 2.41(0.995.87) 2.41(0.995.87) 2.01 4.32
Tumour Grade
G1 Ref Ref Ref Ref Ref
G2 1.40(0.643.07) 1.40(0.643.07) 1.40(0.643.07) 1.11 1.61
G3 2.24(1.044.84) 2.24(1.044.84) 2.24(1.044.84) 1.66 2.61
G4 3.96(1.868.71) 3.96(1.8068.71) 3.96(1.808.71) 2.93 4.21
Necrosis
No Ref Ref Ref Ref Ref
Yes 1.29(1.041.61) 1.29(1.041.61) 1.29(1.041.61) 1.38 1.38
Positive Margin Not Applicable | Not Applicable
No Ref Ref Ref
Yes 1.56(1.162.10) 1.56(1.162.10) 1.56(1.162.10)
Sarcomatoid Features
No Ref Ref 1.56(1.162.02) Ref Ref
Yes 1.56(1.162.02) 1.56(1.162.02) 1.41 1.40
Systemic Symptom Not Applicable Not Applicable | Not Applicable | Not Applicable
No Ref
Yes 1.05
Abbreviations: N=number of patients; Cl=confidence interval; L=litei=centimeter; T1=pathological T1 stage;
T2=pathological T2 stage; T3a=pathological T3a stage; T3b=pathological T3b stage; T3giqatiGlo stage;
T4=pathological T4 stag§1= tumour grade 1; G2=tumour grade 2;G3=tumour grade 3; G4=tumour grade 4;
NO=pathological NO stage; NX=nodal resection not assessed; N1=pathological N1 stage
195% Confidence Interval not available for this pagsen selection methods.
Table3b: Parameters and Risk Score for Recurrence Free Survival Including Pathological T stage
Risk Factor p-Value Selection Backwards Elastic Net

Bootstrap Selection| Selection

Tumour size (cm)

4 .5pts/cm for each
cm aboved.7cm
between 0.7cm
23cm

4.5 pts/cm for each
cm above 0.7cm

between 0.7cm
23cm

4.5pts/cm for each
cm above 0.7cm

between 0.7cm
23cm

Neutrophil (x 18cells/L)

1.1pts/( x 16cells/L)
for each unit above
0.367

Not Applicable

Not Applicable

CharlsonComorbidity Score

6.5pts/Charlson Go
morbidity Score
above 2 pts

Not Applicable

Not Applicable
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Pathological N Stage
NX Opts Opts Opts
NO 4dpts 3pts 8pts
N1 37pts 48pts 16pts
Pathological T Stage
T1 Opts Opts Opts
T2 28pts 3lpts 10pts
T3a 38pts 33pts 20pts
T3b 46pts 44pts 3lpts
T3c 56pts 44pts 41pts
T4 33pts 25pts 51pts
Tumour Grade
Gl Opts Opts Opts
G2 13pts 4pts 17pts
G3 30pts 18pts 34pts
G4 52pts 38pts 50pts
Necrosis
No Opts Opts Opts
Yes 10pts 11pts 11pts
Positive Margin Not Applicable Not Applicable
No Opts
Yes 17pts
Sarcomatoid Features
No Opts Opts Opts
Yes 14pts 12pts 12pts
Systemic Symptom Not Applicable Not Applicable
No Opts
Yes 2pts
Abbreviations:N=number of patients; L=litrem=centimeter; T1=pathological T1 stage; T2=pathological T2 stage;
T3a=pathological T3a stage; T3b=pathological T3b stage; T3c=pathological T3c stage; T4=pathological T4 stage;
G1=tumour grade 1; G2=tumour grade 2;G3=tungrade 3; G4=tumour grade 4; NO=pathological NO stage;
NX=nodal resection not assessed; N1=pathological N1 ;ptag®oints
Tableda: Parameters and Hazard Ratios (95%CI) for Recurrence Free Survival Excluding Pathological T
stagée
Risk Factor Forward Backwards Stepwise Backwards Elastic Net
Selection(p- Selection Selection Bootstrap Selectiort
Value Selectiort
Selection)
Tumoursize (cm) 1.18(1.15 1.18(1.15 1.18(1.15 1.18 1.17
1.22) 1.22) 1.22)
Neutrophil (x 18cells/L) 1.03(1.02 1.03(1.02 1.03(1.02 Not Applicable| Not Applicable
1.05) 1.05) 1.05)
Charlson Caenorbidity Score 1.21(1.14 1.21(1.14 1.21(1.14 Not Applicable| Not Applicable
1.27) 1.27) 1.27)

Pathological N Stage
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NX Ref Ref Ref Ref Ref

NO 1.23(0.98 1.23(0.98 1.23(0.98 1.05 1.28
1.54) 1.54) 1.54)

N1 2.96(1.85 2.96(1.85 2.96(1.85 3.19 1.65
4.75) 4.75) 4.75)

Tumour Grade

G1 Ref Ref Ref Ref Ref

G2 1.29(0.59 1.29(0.59 1.29(0.59 1.14 1.67
2.81) 2.81) 2.81)

G3 2.43(1.13 2.43(1.13 2.43(1.13 1.94 2.79
5.23) 5.23) 5.23)

G4 4.56(2.08 4.56(2.08 4.56(2.08 3.65 4.67
10.00) 10.00) 10.00)

Necrosis

No Ref Ref Ref Ref Ref

Yes 1.40(1.12 1.40(1.12 1.40(1.1% 1.40 1.42
1.76) 1.76) 1.76)

Positive Margin Not Applicable| Not Applicable

No Ref Ref Ref

Yes 1.87(1.40 1.87(1.40 1.87(1.40
2.49) 2.49) 2.49)

Sarcomatoid

No Ref Ref Ref Ref Ref

Yes 1.47(1.07 1.47(1.07 1.47(1.07 1.38 1.35
2.03) 2.03) 2.03)

Invasion Adrenal Gland Not Applicable| Not Applicable

No Ref Ref Ref

Yes 3.21(1.06 3.21(1.06 3.21(1.06
9.68) 9.68) 9.68)

Invasion Perinephric Fat

No Ref Ref Ref Ref Ref

Yes 1.32(1.04 1.32(1.04 1.32(1.04 1.38 1.33
1.68) 1.68) 1.68)

OEGSYyaAzy hdziadAR{ Not Applicable

No Ref Ref Ref Ref
4.19(1.60 4.19(1.60 4.19(1.60

Yes 10.98) 10.98) 10.98) 1.54

Tumour Thrombus Not Applicable| Not Applicable| Not Applicable

No Ref Ref

Level O 1.18 1.03

Level 4 1.53 1.03

Local Symptom Not Applicable| Not Applicable| Not Applicable| Not Applicable

No Ref

Yes 1.05

Systemic Symptom Not Applicable| Not Applicable| Not Applicable| Not Applicable

No Ref

Yes 1.10
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Invasion Sinus Fat
No
Yes

Not Applicable| Not Applicable

Not Applicable

Not Applicable
Ref
1.18

Abbreviations: N=number of patients; Cl=confidence interval; L=litei=centimeter; T1=pathological T1 stage;

T2=pathological T2 stage; T3a=pathological T3a stage; T3b=pathological T3b stage; T3c=pathological T3c stage;

T4=pathological T4 stag&§1= tumour grade 1; GRsnour grade 2;G3=tumour grade 3; G4=tumour grade 4;
NO=pathological NO stage; NX=nodal resection not assessed; N1=pathological N1 stage

195% Confidence Interval not available for this parameter selection methods.

Table4b: Parameters and Risk Scores for Recurrence Free Survival Excluding Pathological T stage

Risk Factor

p-Value Selection

Backwards

Elastic Net

Bootstrap Selection Selection

Tumour size (cm)

4 .5pts/cm for each
cm above 0.7cm
between 0.7cm
23cm

4.5pts/cm for ech | 0.5pts/cm for each
cm above 0.7cm cm above 0.7cm

between 0.7cm
23cm

between 0.7cm
23cm

Neutrophil (x 18cells/L)

0.9pts/( x
10%ells/L) for each
unit above 0.367

Not Applicable

Not Applicable

Charlson Canorbidity Score 5pts/CharlsorCo Not Applicable Not Applicable
morbidity Score
above 2 pts
Pathological N Stage
NX Opts Opts Opts
NO 5pts 1pts 16pts
N1 29pts 32pts 32pts
Tumour Grade
Gl Opts Opts Opts
G2 7pts 4pts 33pts
G3 24pts 18pts 67pts
G4 41pts 35pts 100pts
Necrosis
No Opts Opts Opts
Yes 9pts 9pts 23pts
Positive Margin Not Applicable Not Applicable
No Opts
Yes 17pts
Sarcomatoid
No Opts Opts Opts
Yes 10pts 9pts 19pts
Invasion Adrenal Gland Not Applicable Not Applicable
No 3lpts
Yes Opts
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Invasion Perinephric Fat
No Opts Opts Opts
Yes 8pts 6pts 18pts
OEGSyaAzy hdzidaARS DSNZ Not Applicable
No Opts Opts
Yes 39pts 28pts
Tumour Thrombus Not Applicable
No Opts Opts
Level O 5pts 1pts
Level 4 12pts 2pts
Local Symptom Not Applicable Not Applicable
No Opts
Yes 3pts
Systemic Symptom Not Applicable Not Applicable
No Opts
Yes 6pts
Invasion Sinus Fat Not Applicable Not Applicable
No Opts
Yes 11pts
Abbreviations:N=number of patients; L=litr&m=centimeter; T1=pathological T1 stage; T2=pathological T2 stage;
T3a=pathological T3a stage; T3b=pathological T3b stage; T3c=pathological T3c stage; T4=pathologicabI# stage;
tumour grade 1; G2=tumour gtla 2;G3=tumour grade 3; G4=tumour grade 4; NO=pathological NO stage; NX=nodal
resection not assessed; N1=pathological N1 statgePoints
Table 5a: Overall Gstatistic, Calibration Slopes and Sample Sizes in Prognostic Models Built Including
Pathologicall Stage
Overall | Calibration Calibration Calibration Sample Size in | Minimum Required Sample
G Slope 2years | Slope 3years Slope 5years Model Size in Model Development
statistic | post-surgery | post-surgery post-surgery Development | at 5years
p-Value
Selection 0.8510 1.0030 1.0003 0.9997 2555 261
Backward
Bootstrap
Selection 0.8368 0.9986 0.9995 0.9995 3666 183
Elastic Net
Penalization| 0.8336 1.0012 0.9995 0.9961 3666 228
Table5h: Overall Gstatistic, Calibration Slopes and Sample Sizes in Prognostic Models Built Excluding
Pathological T Stage
Overall | Calibration Calibration Calibration Sample Size in | Minimum Required Sample
G Slope 2years | Slope 3years Slope 5years Model Size in Model Development
statistic | post-surgery | post-surgery post-surgery Development | at 5years
p-Value
Selection 0.8432 0.9942 0.9954 0.9978 2441 328
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Backward

Bootstrap

Selection 0.8305 0.9990 1.0012 0.9951 3452 231
Elastic Net

Penalization 0.7930 0.9995 1.0024 0.9998 3452 459

Figure3: GIndex over Time in Prognostic Models Including and Excluding Pathological T Stage

tNe3dy24aa0 az2RSfa LyOfdRAY3I t K2

ndp

"9 p \‘
9

n® p

ne

JLyRSE hOSNI ¢AYS

ne p

ne

P p

e
™M H [ n p c T y [}
¢AYS G2 wSOdNNByOS
——li | f d2S { Sf S@e2ly0l 6 NR . 22040 N~V 5OHODBY t S

/LyRSE h@SNI ¢AYS

tN23y24aa0 az2RSt &
nap

e \\\.—\_‘_‘
9
n® p
ne
ne p
ne
¢ p

"

M H [} n P c T y [}

¢CAYS (2 wSOdNNByOS

——l& | f d2S { St $®e2lyO] 6 NR 22040 N

9EOt dZRAY3I t I GK2

@t EHO0LBE t S

115




Figure4: Local Regression (LOESS) Smoothed Calibration Curve for Recurrence Free Suyeiaed at 2

PostSurgery
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Figure5: Local Regression (LOESS) Smoothed Calibration Curve for Recurrence Free Sueat at 3

PostSurgery
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Figure6: Local Regression (ESS) Smoothed Calibration Curve for Recurrence Free Survivwgdais5

PostSurgery
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Table 6aDecision Curve Analysis and Agreement within 5% and 10% for Prognostic Models Including
Pathological T Stage

Proportion of Patients with Agrement Within Absolute

Range

2-years post 3-years post 5-years post

surgery surgery surgery

Within | Within | Within | Within | Within | Within | Recurrence Risk Threshold fg
Prognostic Model | 5% 10% 5% 10% 5% 10% Clinical Utility
p-Value Selection| 100% | 100% | 100% | 100% | 56% 100% | 09%635.5%
Backward 100% | 100% | 52% 100% | 35% 82% 0%37.5%
Bootstrap
Selection
Elastic Net 65% 91% 43% 87% 39% 64% 0%37.5%
Selection

Table6b: Decision Curve Analysis and Agreement within 5% and 10% for Prognostic Models Excluding
Pathological T Stage

Prognostic Model

Proportion of Patients with Agreement Within Absolute

Range

2-years post

surgery

surgery

3-years post

surgery

5-years post

Within [ Within

Within | Within

Within | Within

Recurrence Risk Threshold fg
Clinical Utility
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5% 10% 5% 10% 5% 10%
p-Value Selection| 100% | 100% | 69% 100% | 44% 100% | 09%35.5%
Backward 53% 92% 46% 87% 41% 68% 0%37.5%
Bootstrap
Selection
Elastic Net 59% 85% 58% 100% | 56% 88% 0-31.25%
Selection

Figure7: Decision Curve Analysis for Prognostic Models Including and Excluding Pathological T Stage
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Table 7: Prognostic Models Developed When Entryvglue=0.2 and Exit p=value=0.1 Including

Pathological T Stage

Forward Selection Backward Selection Stepwise Selection
Hazard Ratio| Risk Score | Hazard Ratio| Risk Score | Hazard Ratio| Risk Score
Parameters (95%Cl) Points (95%Cl) Points (95%Cl) Points
Tumour size (cm) 1.12(1.08 3.7pts/cm 1.13(1.09 4.5pts/cm No new model as sam
1.16) for each cm| 1.16) for each cm| parameters selected a
above 0.7cm above 0.7cm Backward Selection mody
between between including pathological T stag
0.7cm23cm 0.7cm23cm
Neutrophil (x 18cells/L) 1.03(1.01 1.0pts/(x 1.03(1.01 1.1pts/(x
1.05) 1C%ells/L) | 1.05) 10%cells/L)
for each unit for each unit
above 0.367 above 0.367
Platelet (x 13 cells/L) 1.00(1.06 0.03pts/(x Not Not
1.00) 10%cells/L) Applicable | Applicable
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for each unit

above 19
Charlson Canorbidity Score 1.21(1.14 6.1pts/ 1.19(1.13 6.7pts/
1.28) CharlsonCo | 1.26) Charlson Co
morbidity morbidity
Score above Score above
2 pts 2 pts
Pathological N Stage
NX Ref Opts Ref Opts
NO 1.12(0.90 4pts 1.13(0.90 5pts
1.41) 1.41)
N1 2.83(1.80 34pts 2.74(1.74 38pts
4.48) 4.31)
Pathological T Stage
T1 Ref Opts Ref Opts
T2 2.20(1.44 26pts 2.18(1.43 30pts
3.35) 3.32)
T3a 2.72(2.0t 32pts 2.74(2.03 38pts
3.69) 3.71)
T3b 3.28(2.02 38pts 3.34(2.06 46pts
5.33) 5.43)
T3c 4.63(2.28 50pts 4.46(2.19 57pts
9.42) 9.07)
T4 2.34(0.94 28pts 3.78(1.7% 36pts
5.79) 8.33)
Gender
Female Ref Opts Ref Opts
Male 1.30(1.04 8pts 1.23(0.99 8pts
1.62) 1.53)
Tumour Grade
G1 Ref Opts Ref Opts
G2 1.37(0.63 10pts 1.38(0.63 12pts
3.00) 3.02)
G3 2.15(0.99 25pts 2.17(1.00 30pts
4.64) 4.70)
G4 3.56(1.61 41pts 3.78(1.71 51pts
7.87) 8.33)
Necrosis
No Ref Opts Ref Opts
Yes 1.31(1.05 Ipts 1.30(1.04 10pts
1.64) 1.62)
Positive Margin
No Ref Opts Ref Opts
Yes 1.55(1.15 14pts 1.53(1.14 16pts
2.08) 2.06)

Sarcomatoid
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No Ref Opts Ref Opts
Yes 1.44(1.04 12pts 1.51(1.09 16pts
1.99) 2.07)
Diabetic Not Not
No 1.22(0.96 6pts Applicable | Applicable
1.55)
Yes Ref Opts
Hypertension Not Not
No Ref Opts Applicable | Applicable
Yes 1.15(0.93 4pts
1.41)

Abbreviations: N=number of patients; Cl=confidence interval; L=litei=centimeter; T1=pathological T1 stage;
T2=pathological T2 stage; T3a=pathological T3a stage; T3b=pathological T3b stage; T3c=pathological T3c stage;
T4=pathological T4 stag&§1l= tumour grade 1; G2=tumour grade 2;G3=tumour grade 3; G4=tumour grade 4;
NO=pathological NO stage; NX=nodal resection not assessed; N1=pathological Nitstdmnts

Table8: Overall Gstatistic, Calibration Slopes and Sample Sizes in Prognostic Models Built When Entry p
value=0.2 and Exit p=value=0.1

Minimum
Required
Sample Size in
Calibration Calibration Calibration Sample Size in | Model
Overall G | Slope 2years | Slope 3years | Slope 5years Model Development
statistic post-surgery | post-surgery | post-surgery Development | at 5-years
Prognostic Models Including Pathological T stage
Forward Selection 0.8529 1.0028 1.0000 0.9994 2555 371
Backward Selectio 0.8525 0.9996 1.0016 0.9975 2555 288

Stepwise Selection

No new model as same parameters selected as Backward Selection model including patholog

stage
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Figure8: GIndex over Time in Prognostic Models Built When Entrglpe=0.2 and Exit p=value=0.1
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Figure9: Calibration Curve-2ears PosSurgery Recurrence Free Survival Prognostic Models Built When
Entry pvalue=0.2 and Exit p=value=0.1
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FigurelO: Calibraton Curve 3years PosSurgery Recurrence Free Survival Prognostic Models Built When
Entry pvalue=0.2 and Exit p=value=0.1
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Figurell: Calibration Curve-§ears PosSurgery Recurrence Free Survival Prognostic Models Built When
Entry pvalue=0.2 and Exit p=value=0.1
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Table9: Decision Curve Analysis and Agreement within 5% and 10% for Prognostic Models Built When
Entry pvalue=0.2 andt p=value=0.1

Proportion of Patients with Agreement Within Absolute

Range
2-years postsurgery | 3-years post 5-years post
surgery surgery

Prognostic Within Within | Within | Within | Within | Within | Recurrence Risk Threshold
Model 5% 10% 5% 10% 5% 10% for Clinical Utility
Prognostic Models Including Pathological T Stage
Forward 100% 100% | 100% | 100% | 50% 100% | 0%36.5%
Selection
Backward 100% 100% | 100% | 100% | 49% 100% | 0%36.5%
Selection
Stepwise No new model as same parameters selecte@asvard Selection model including
Selection pathological T stage

Figure 2: Decision Curve Analysis ay&ars PosSurgery for Survival Prognostic Models Built When Entry
p-value=0.2 and Exit p=value=0.1
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Figure B: Calibration Plots Generated Usingokd Validation where k=10 for-@alue Selection Model

Including Pathological T Stage
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Figure 4. Effect of Missing Dat@-Index Over Time in-galue Selection Model Including Pathological T

Stage

1.0000
0.9500
0.9000
0.8500
0.8000
0.7500
0.7000
0.6500
0.6000
0.5500
0.5000

CGlndex Over Time

1
—=@— Complete Data

2

3 4 5 6 7

8

’M

9

0.86600.85700.844(00.84000.83400.83200.82600.82500.8250

=@= Multiple Imputation 0.8649.850%).83940.83500.82520.8208).81650.8145.8208

Time to Recurrence

123



Figure B: Recurence Free Survival Calibration Curves Generated Using Multiple Imputation
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Figure 16p-Value Selection Model Including Pathological T Stage for Recurrence Free Survival Nomogram
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G4=tumour grade 4;N=no; Y=yes; Recurrence Free Survival Prob.=Recurrence Fred&rahilty

Tumour size is measured in cm and neutrophil concentration is measured ificealSquL.

Table 10Risk Group Creation Based on Risk Scores

Risk Group

Risk Group Classification Systen Low Intermediate High Very High
Risk Score NTdPcy XKWA | TPy nXKwA §

Quartile Method <47.68 Score<70.84 Score<116.76 widal { 02N
Risk Score CMOPMpP XKWA|Ccy ®op XKWA &

Mean Risk Score Method <61.15 Score<68.35 Score<125.04 widal { 02N
Risk Score nnodnoXwA|TndynXwA 3§

Percentile Method <40.03 Score<70.84 Score<138.34 wial { 02N
Risk Score cndTpXWA| Yy ®PnHIXKWA §

Face Validity Method <64.75 Score<98.42 Score<147.82 wiadal { 02N
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Figure 17Risk Group Categorizations Based on Risk Group Classification Method
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Figure 18KaplanMeier Survival Curves for Risk Group Stratification Systems
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Figure Pa: KaplanMeier Survival Curves for Risk Group Stratification Systemgedr2 PosSurgery
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Figure Bb: KaplanMeier Survival Curves for Risk Group Stratification Systemygedr3 PosSurgery

Produce-Limit Survival Estimases
Vit Kumber of Subjacts a1 Risk

Produce-Limit Survival Bstimates
ViR Bumber of Subjects a1 Rk

] -— e e el ==
- t—— —
et ——— _"""-"-—-.._..______'___
aa - aa- v
= e =
2 - """W-“"—""N.b__“_ 3 s \“*\—.-.H“.____
£ — £ e POV
£ SN 5 e T
5 a4 3 LF] -
o w
a2 R . _ [ R . L
vdzl Npf S aSuK2R aSly wAaal {O2NbB aSuK2R
aa | * o ag | - Gemaeas
oo s 20 z5 1o oo ] a 15 28 25 0
time_to_recumence_3
High s Lk Fod a3 1 ]
[rp—-— sy 22 - - p
Lo e 338 383 azy A7 ]
Vary High “te 180 zar e =
Product-Limit Sursival Estimates P Limit Survival
RN Mumber ol Submo et ARk AT Manibar 31 Susjacts & Ris
1o T ——— Tt PR — 1.0 -
i e
| , B | 4
BE- \ — L e L i, U
{ 1 - e
A - it R S
£ | £ [ . s
=2 e | ;; oo --...k‘.
£ £ T
= | = | - —
E o = e e S
= 2 —— s
nz oz
t SNOSyasaf S Gl
po | - Carsafed e |
o0 E 20
o
o R
s
=g ey Fegn = -z

127



Figure Bc: KaplanMeier Survival Curves for Risk Group Stratification Systemgedrs PosSurgery
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Table 11 Distribution of Pathological T Stage across Risk Groups

Pathological Low Intermediate High Very High

T Stage | N % N |% N % N % p-value

Quartile Method
Tl 638 100.0%| 635 99.4%| 332 52.0% 14 2.2%
T2 0 0.0% 0 0.0% 84 13.1% 58 9.1%
T3a 0 0.0% 4 0.6%| 219 34.3%| 485 75.9% <0.0001
T3b 0 0.0% 0 0.0% 3 0.5% 55 8.6%
T3c 0 0.0% 0 0.0% 1 0.2% 16 2.5%
T4 0 0.0% 0 0.0% 0 0.0% 11 1.7%
Mean Risk Score Method
Tl 1034 99.9%| 188 98.9%| 390 49.4% 7 1.3%
T2 0 0.0% 0 0.0%| 102 12.9% 40 7.4%
T3a 1 0.1% 2 1.1%| 290 36.8%| 415 76.7% <0.0001
T3b 0 0.0% 0 0.0% 4 0.5% 54 10.0%
T3c 0 0.0% 0 0.0% 3 0.4% 14 2.6%
T4 0 0.0% 0 0.0% 0 0.0% 11 2.0%
Percentile Method

T1 408 100.0%| 865 99.5%| 346 39.9% 0 0.0% <0.0001
T2 0 0.0% 0 0.0%| 117 13.5% 25 6.1%
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T3a 0 0.0% 4 0.5%| 391 45.0%| 313 76.3%
T3b 0 0.0% 0 0.0% 10 1.2% 48 11.7%
T3c 0 0.0% 0 0.0% 3 0.3% 14 3.4%
T4 0 0.0% 0 0.0% 1 0.1% 10 2.4%
Face Validity Method
T1 1124 99.8%| 439 81.3% 56 9.9% 0 0.0%
T2 0 0.0%| 37 6.9% 91 16.0% 14 4.3%
T3a 2 0.2%| 64 11.9%| 402 70.9%| 240 74.5% <0.0001
T3b 0 0.0% 0 0.0% 13 2.3% 45 14.0%
T3c 0 0.0% 0 0.0% 3 0.5% 14 4.3%
T4 0 0.0% 0 0.0% 2 0.4% 9 2.8%

Abbreviations: N=number of patients;T1=pathological T1 stage; T2=pathological T2 stage; T3a=pathological T3a
stage;T3b=pathological T3b stag@&3c=pathological T3c stage;T4=pathological T4 stage

Figure 20Pathological T Stage Distribution by Risk Groups
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Table 12Distribution of Pathological N Stage across Risk Groups

Pathological Low Intermediate High Very High
N Stage | N % N ‘ % N % N % p-value
Quartile Method
NX 610 95.6%| 585 91.5%| 540 84.5%| 348 54.5%
NO 28 4.4% 54 8.5% 99 15.5%| 250 39.1%)| <0.0001
N1 0 0.0% 0 0.0% 0 0.0%| 41 6.4%
Mean Risk Score Method
NX 974 94.1%| 172 90.5%| 661 83.8%| 276 51.0%
NO 61 5.9% 18 9.5%| 127 16.1%| 225 41.6%| <0.0001
N1 0 0.0% 0 0.0% 1 0.1%| 40 7.4%
Percentile Method
NX 391 95.8%| 804 92.5%| 694 80.0%| 194 47.3%
NO 17 4.2% 65 7.5%| 173 19.9%| 176 42.9%| <0.0001
N1 0 0.0% 0 0.0% 1 0.1%| 40 9.8%
Face Validity Method
NX 1060 94.1%| 482 89.3%| 398 70.2%| 143 44.4%
NO 66 5.9% 58 10.7%| 167 29.5%| 140 43.5%| <0.0001
N1 0 0.0% 0 0.0% 2 0.4%| 39 12.1%

Abbreviations:N=number of patientdNO=pathological NO stage; NX=nodal resection not assessed; N1=pathological
N1 stage

Figure 21Pathological N Stage Distribution by Risk Groups
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Table 13Distribution of Tumour Grade across Risk Groups

Tumour Low Intermediate High Very High
Grade [N | % N | % N | % N | % p-value
Quartile Method
Gl 128 20.1% 17 2.7% 15 2.3% 4 0.6%
G2 474 74.3%| 346 54.1%| 230 36.0% 58 9.1% <0.0001
G3 36 5.6%| 273 42.7%| 352 55.1%| 302 47.3%
G4 0 0.0% 3 0.5% 42 6.6%| 275 43.0%
Mean Risk Score Method
Gl 143 13.8% 1 0.5% 17 2.2% 3 0.6%
G2 722 69.8% 78 41.1%| 279 35.4% 29 5.4% <0.0001
G3 169 16.3%| 110 57.9%| 442 56.0%| 242 44.7%
G4 1 0.1% 1 0.5% 51 6.5%| 267 49.4%
Percentile Method
Gl 112 27.5% 33 3.8% 17 2.0% 2 0.5%
G2 289 70.8%| 531 61.1%| 270 31.1% 18 4.4% <0.0001
G3 7 1.7%| 302 34.8%| 505 58.2%| 149 36.3%
G4 0 0.0% 3 0.3% 76 8.8%| 241 58.8%
Face Validity Method

Gl 143 12.7% 12 2.2% 7 1.2% 2 0.6%
G2 761 67.6%| 200 37.0%| 135 23.8% 12 3.7% <0.0001
G3 221 19.6%| 302 55.9%| 342 60.3% 98 30.4%
G4 1 0.1% 26 4.8% 83 14.6%| 210 65.2%

Abbreviations:N=number of patients;G1= tumour grade 1; G2=tumour grade 2;G3=tumour grade 3; G4=tumour

grade 4

Figure 22Tumour Grade Distribution by Risk Groups
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Abbreviations:G1= tumour grade 1; G2=tumour grade 2;G3=tumour grade 3; G4=tumour grade 4

131




Table 14Distribution of Necrosis across Risk Groups

Low Intermediate High Very High
Necrosis| N % N ‘ % N % N % p-value
Quartile Method
No 623 97.6%| 570 89.2%| 507 79.3%| 278 43.5% <0.0001
Yes 15 2.4% 69 10.8%| 132 20.7%| 361 56.5% '
Mean Risk Score Method
No 988 95.5%| 162 85.3%| 615 77.9%| 213 39.4% <0.0001
Yes a7 4.5% 28 14.7%| 174 22.1%| 328 60.6% '
Percentile Method
No 404 99.0%| 789 90.8%| 642 74.0%| 143 34.9% <0.0001
Yes 4 1.0% 80 9.2%| 226 26.0%| 267 65.1% '
Face Validity Method
No 1068 94.8%| 438 81.1%| 377 66.5% 95 29.5% <0.0001
Yes 58 5.2%| 102 18.9%| 190 33.5%| 227 70.5% '
Abbreviation: N=number of patients
Figure 23Necrosis Distribution by Risk Groups
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Table 15Distribution of Positive Margins across Risk Groups

Positive Low Intermediate High Very High
Margins | N % N ‘ % N % N % p-value

Quartile Method
No 625 98.0%| 601 94.1%| 592 92.6%| 552 86.4% <0.0001
Yes 13 2.0%| 38 5.9% a7 7.4% 87 13.6%

Mean RiskScore Method

No 1000 96.6%| 178 93.7%| 734 93.0%| 458 84.7% <0.0001
Yes 35 3.4%| 12 6.3% 55 7.0% 83 15.3%

Percentile Method
No 399 97.8%| 827 95.2%| 808 93.1%| 336 82.0% <0.0001
Yes 9 2.2%| 42 4.8% 60 6.9% 74 18.0%

Face Validity Method

No 1084 96.3%| 496 91.9%| 538 94.9%| 252 78.3% <0.0001
Yes 42 3.7%| 44 8.1% 29 5.1% 70 21.7%

Abbreviation: N=number of patients

Figure 24Positive Margins Distribution by Risk Groups
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Table 16Distribution of Sarcomatoid Features across Risk Groups

Sarcomatoid Low Intermediate High Very High

Features | N % N ‘ % N % N % p-value

Quartile Method
No 638 100.0%| 639 100.0%| 635 99.4%| 550 86.1% <0.0001
Yes 0 0.0% 0 0.0% 4 0.6% 89 13.9% '
Mean Risk Score Method
No 1035 100.0%| 190 100.0%| 781 99.0%| 456 84.3% <0.0001
Yes 0 0.0% 0 0.0% 8 1.0% 85 15.7% '
Percentile Method
No 408 100.0%)| 869 100.0%| 853 98.3%| 332 81.0% <0.0001
Yes 0 0.0% 0 0.0%| 15 1.7%| 78 19.0%|
Face Validity Method
No 1126 100.0%| 539 99.8%| 549 96.8%| 248 77.0% <0.0001
Yes 0 0.0% 1 0.2%| 18 3.2%| 74 23.0%|
AbbreviationN=number of patients
Figure 25Sarcomatoid Distribution by Risk Groups
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Table 17 Distribution of Tumour Size, Neutrophils and Charlsom@dbidity Scores across Risk Grdups

Risk Group Stratification System‘ Low

‘ Intermediate ‘ High

‘ Very High

‘ p-value

Tumour size (cm)

2.799 3.612 5.362 8.801

(95%CI:2.71:3| (95%CI:3.509| (95%CI:5.200| (95%CI:8.565| <0.0001
Quartile Method 2.886) 3.714) 5.245) 9.037)

3.086 3.741 5.493 9.068

(95%CI:3.009| (95%CI:3.548 (95%CI:5.337| (95%CI:8.808| <0.0001
Mean Risk Score Method 3.162) 3.933) 5.649) 9.327)

2.632 3.475 5.912 9.558

(95%CI:2.528| (95%CI:3.389| (95%CI:5.757| (95%Cl:9.252| <0.0001
Percentile Method 2.736) 3.561) 6.067) 9.864)

3.130 4.545 7.096 9.760

(95%CI:3.056| (95%CI:4.399| (95%CI:6.883| (95%CI:9.413| <0.0001
Face Validity Method 3.204) 4.692) 7.307) 10.107)

Neutrophil (x10 cells/pL)

5.082 6.091 6.401 6.388

(95%CI:4.801| (95%CI:5.77-7| (95%CI:5.995| (95%CI:6.014| <0.0001
Quartile Method 5.363) 6.406) 6.808) 6.762)

5.411 6.357 6.354 6.441

(95%CI:5.177| (95%CI:5.796| (95%CI:6.007| (95%CI:6.017| <0.0001
Mean Risk Score Method 5.645) 6.918) 6.702) 6.865)

4.707 6.000 6.350 6.488

(95%Cl:4.396| (95%CI:5.728) (95%CI:6.009| (95%CI:6.020| <0.0001
Percentile Method 5.018) 6.272) 6.691) 6.956)

5.452 6.771 5.953 6.631

(95%CI:5.230| (95%CI:6.307| (95%CI:5.602| (95%CI:6.079| <0.0001
Face Validity Method 5.675) 7.236) 6.306) 7.182)

Charlson Canorbidity Score

3.281 4.549 4,941 5.241

(95%CI:3.193| (95%CI:4.433| (95%CI:4.798| (95%CI:5.092
Quartile Method 3.368) 4.665) 5.083) 5.390) <0.0001

3.672 4.816 4.967 5.307

(95%CI:3.592| (95%CI:4.608| (95%Cl:4.841| (95%CI:5.140
Mean RislScore Method 3.753) 5.024) 5.093) 5.474) <0.0001

2.946 4.371 4.906 5.483

(95%CI:2.853| (95%Cl:4.274| (95%ClI:4.787| (95%CI:5.286
Percentile Method 3.039) 4.467) 5.024) 5.694) <0.0001

3.762 5.026 4.810 5.680

(95%CI:3.682| (95%CI:4.878) (95%Cl:4.665| (95%CI:5.452
Face Validity Method 3.842) 5.174) 4.954) 5.910) <0.0001
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Abbreviations:Cl=confidence intervalL.=microlitre;cm=centimetre
The mean (95%Cl) is given in this table.

Figure 26Distribution of Tumour Size by Risk Grbup
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Figure 27Distribution of Neutrophil Concentration by Risk Grbup
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INeutrophil concentration is measured 1 cells/uL.

Figure 28Distribution of Charlson Gmorbidity Score by Risk Group
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Table 18Risk Group Classification System Comparison of Performance Characteristics

Risk Group Classification Systems G Statistic Overall

Quartile Method 0.8162
Mean Risk Score Method 0.8158
Percentile Method 0.8173
Face Validity Method 0.8295
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Figure ®: Risk Group Recurrence Prediction Performance by Risk Group Classification Systems
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Figure30: Prognostic Factors Included in Prognostic Models for Recurrence Free Survival in Clear Cell
Carcinoma Patients
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Chapter 6PostSurgery Surveillance Imaging Recommendations for-Cédar
Carcinoma Patients Based on CKCis Risk Groups compared to the Canadian
Urologic AssociatioBuideline

6.1 Abstract
Introduction The current Canadian Urological Association (CUA) guideline provides-tplisghedules

for patients based on risgroups according to pathological tumour stage and pathological lymph node
stage. A nevprognostic model has been developed based on data from Canadian kidney cancer patients
(CKCis model). In addition to pathologic tumour and lymph node stages, the CKCis model incorporates
tumour grade, tumour size, tumour necrosis, sarcomatoid differemigtsurgical margin status, serum
neutrophil concentration, and Charlson-oworbidity score. The purpose of this analysis were to compare
CKCis risk groups to CUA risk groups and generate a follow up surveillance strategy based on the CKCis

model.

Methods Clear cell renal cell carcinoma patients enrolled in the Canadian Kidney Cancer Information
System (CKCis) between January 2011 and 2021 were used for this analysis. The primary outcome was
postsurgery RCC recurrence. The CKCis and CUA risk groups wearerb by assessing patient
distribution, label concordance {gear recurrencdree survival), discrimination {&tatistic), calibration

(predicted vs observed events), HSkNR dzLJ F ANBSYSy i o6/ 2KSyQ&a {1 LI} 0=
improvement. New fdow-dzLJ & OKSRdzf S& ol aSR 2y GKS /Y/ A& NR&| :

interval recurrence incidence, and modified for clinical use.

ResultsBoth the CKCis and CUA risk groups stratified patients with different prognosis. However, the
distribution of patients within each risk group were substantially different s (Low 44.1% vs 63.3%;
Intermediate 21.1% vs 5.6%; High 22.5% vs. 29.5%:hif#ry12.6% vs. 1.6%) with weak agreement
(Kappa Statisticd.43 (95%CI:0.4Q.45) The labekoncordance was alsoffirent, with 5year risk of
recurrence between CKCis and CUA risk groups (Low risk 2.2% vs 5.1%; Intermediate 10.2% vs 23.2%; High
26.8% vs 35.9%; Vehjgh 55.9% vs 63.4%). The CKCis risk group classification system had better
discriminative ability (statistic =0.83 versus 0.78). Calibration was similar between risk group systems.

The net reclassification improvement using the CKCis risk groups was 0.47.

ConclusionCKCis risk groups include more parameters compared to the CUA risk groups. However, the
CKCis risk groups had improved distribution, laogicordance, and discrimination. Electronic tools based

on CKCis risk groups should be developed to facilitate use of CK@reuigk in clinical care.
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6.2 Introduction
In 2020, there were an estimatetb00 patients with a new diagnosis of Renal Cell Carcinoma (RCC) and

the majority of patients will be treated with surgery (1). The recurrence free survival by 5 years post
operative is approximately 95% for patients with pathological T1 stage tumo®¥s,f@r patients with
pathological T2 stage tumours, 70% for patients with pathological T3 stage tumours, and 50% for patients
with pathological T4 stage tumours (2). While the current Canadian Urological Association (CUA) guideline
for the management of nometastatic kidney cancer acknowledges the existence of prognostic models
and several prognostic factors for kidney cancer, it stratifies patient risk based on pathological tumour
and pathological lymph node stage (3). The Canadian Urological Assogigatietines uses the following

risk group classification systelow-risk (pT1+pNO/X stage), intermediatek (pT2+pNO0/X stage), high

risk (pT34+pNO/X stage) and very higisk (any pT stage+pN1 sta@@)To detect recurrence, within 5
years of surgery, # CUA guideline recommends abdominal imaging twice for patients in theidkw
group and 8 times for patients in the high or vrigh risk (3).The full imaging schedule for patients based

on the current CUA guidelines is provided in Table 1.

The currentCUA guidelines are easy to use in clinical practice because risk groups are based only on
pathological T and N stages. However, CUA risk groups do not consider other factors independently
associated with recurrence, such as tumour grade. The CKCis ramurighimodel was developed based

on a large cohort of Canadian patients and incorporates many more prognostic variables. This model had
an overall estatistic of 0.85 and was well calibrated. The purpose of this study was to compare CKCis risk

groups tothe CUA guideline risk groups and develop new follpimaging recommendations.

6.3 Patients and Methods

6.3.1Study Population
This study used data from the Canadian Kidney Cancer Information System (CKCis), a prospective cohort

of patientstreated at one of 14 academic centres in Canada. CKCis has been shown to be representative
of the Canadian kidney cancer population (4). This study included surgically treated patients with clear
cell renal cell carcinoma (ccRCC) between January 1, 2d11luaa 30, 2021. The following patients were
excluded: norClear Cell RCC patients, patients <18 years of age, patients treated with surveillance or non
surgical methods, patients with multiple tumours, or patients with gdime kidney cancer syndromes.

Patients with incomplete information to determine rigktoup classification were also excluded.

6.3.2Comparing CKCis and CUA Risk Groups
Patients were categorized into risk groups based on CKCis or CUA methods. Kaplan Meier survival curves

were generateda assess recurrence risk for each risk graug. K Sy Qa 1 F LI adF dAaaaAo
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agreement between the CUA and CKCis risk categories (5). Kappa statistic values range from 0 to 1 and
can be interpreted as:0-0.20 no agreement, 0.2Q.39 minimal, 040-0.59 weak, 0.6@.70 moderate,
0.8-0.9 strong and >0.9 almost perfect (5).

To compare risk group classification systems we determined the proportion of patients in each risk group
(to assess distribution), the Kaplan Meier curves (to assess stratificand labeto-risk concordance),
overall estatistic (to assess discrimination) and predicted vs. observed number of events (to assess
calibration) (6). Net reclassification improvement (NRI) was used to assess how well the CKCis model
correctly reclasfied patient risk. Net reclassification improvement is the sum of the proportion of
patients who were correctly reclassified (moved to a higher risk group and experienced a recurrence or
moved to a lower risk group and did not experience a recurrenge A(r NRI ranges frort to +1 with-

1 indicating completely incorrect reclassification and +1 indicating completely correct reclassificagon.
advantages of the net reclassification improvement measure are that it is a simple and easily estimated
measue (8). The disadvantages of the net reclassification improvement measure are that positive values
do not always signify improved classification of intermediate risk groups when good and poor risk groups
are well classified; overfitting or model misspezation can also lead to overestimation of the net

reclassification improvement statistic (8).

Labelto-risk concordance means that the label (low, intermediate, high, or-kigly) corresponds to
what most patients and clinicians would consider the nueariisk. For example, most patients would

likely consider 5% risk of recurrence to be low and 75% risk of recurrence to beiglery

6.3.3Creation of Possurgical Surveillance Protocol
Patients were divided into risk groups based on the CKCis rigk gtassification system derived from

the new CKCis prognostic model for Clear Cell Renal Cell Carcinoma patients as outlined in chapter 5.
Timepoints for imaging were based on KaphMeier survival curves with imaging recommend when the
interval recurrene free survival difference exceeded 1% or 2% (9). To modify for clinical practice, these
timepoints were rounded to the nearestronth interval (ie. Imaging recommendations were a minimum

of 3 months apart and were at®onth intervals).

6.4 Results

6.4.1Comparing Risk Group Stratification Systems: CKCis vs. CUA
We observed good stratification between risk groups in both the CKCis and CUA systems (Figure 2).

However, the proportions of patients within each risk group were significantly different betwk€isC

and CUA categories as very few patients are included in the CUA intermediate atighangk groups
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(Low 44.1% vs 63.3%; Intermediate 21.1% vs 5.6%; High 22.5% vs. 29.8%ghVE2Y6% vs. 1.6%) (Figure

3). The labeto-risk concordance was alsgifferent between CKCis and CUA risk groupseés
recurrence: Low risk 2.2% vs 5.1%; Intermediate 10.2% vs 23.2%; High 26.8% vs 35:8igh 8Br9%

vs 63.4%) (Figure 2). Weak agreement (Kappa Stafisti2{95%CI:0.4Q.45) was observed between the

CUA risk groups and the CKCis risk groups. Many (494;30.5%) of the patients considered low risk in CUA
classification were intermediate (n=439;81.3%) or high (n=55;9.7%) risk based on CKCis system (Figure 4).

Overall, the CKCis risk groups hatter discriminative accuracy compared to the CUA risk groups (c=0.83
vs. ¢=0.78). Net Reclassification Improvement analysis showed a 0.47 (03%4QGI55) improvement in

prediction accuracy using the CKCis risk groups compared to the CUA risk groups.

Figure 5 showed the predicted vs observed number of recurrences in Low, Intermediate, High and Very
hightrisk groups. After considering relative error, Low (3.4% vs. 9.4%), High (0.8% vs. 2.1%)-higiVery
risk (7.7% vs.10.3%) groups were found to hien@oved calibration using the CKCis risk groups compared

to the CUA risk groups, while the CKCis intermeehiategroup had worse calibration (13.2% vs. 3.6%).

6.4.%Creation of New Recommendations for P8stgical Imaging

¢KS GAYSLRAYyGA Fd 6KAOK NBOAdINNBYyOS AYyOARSYyOS OKly
expected, there are more timepoints when a 1% threshold is used compared to 2% threshold. There are

also more timepoints for lower risk patients comparedHigher risk patients. The 2% timepoint model

was modified into clinically applicable (easy to use) intervals at least 3 months apart andaaitt3

intervals (Figure 8).

6.5 Discussion
In this study, we observed that the CKCis risk groups outperfortdddiSk groups for assessing prognosis

and we recommend the CKCis model be preferred for patient counseling, stratification in clinical trials,
and surveillance imaging protocols. Our findings were anticipated given that the CUA risk group

stratification aly incorporates tumour and lymph node stage.

One of the most important findings is the significant proportion of CUAriskvpatients reclassified as

CKCis intermediater highrisk. With any rislgroup label system, the risk of recurrence should cioie

GAGK SKIFEG GKS LI GASYy(d LISNDOSA®Sisk cohcbrdance)2 16 h& CUAA v (i S N.
JdZARSEAYSS | LI GASYd gAGK GAYOGSNYSRAIFIGS NR&ATléE KI 2
(compared to a 10% risk in the CKCis intermatedjroup). We believe the risk of recurrence in the CKCis

risk groups are more concordant with clinician and patient expectations. Compared to the CUA guideline,
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the CKCis recommendation is fewer scans forrigw patients and more frequent scans for g risk
patients. Alternative schedules using higher or lower interval detection risk could also be considered

based on the patients risk tolerance.

Interestingly, clinicians in Canada may already be deviating from CUA guidelines because they are
incorporating other prognostic factors, such as grade. In a recent analysis, only about 35% of patients had
surveillance imaging compliant with CUA recommendations. Patients withidkwpT1) were the most
O2YY2y IANRWITERESNY R uBkiLIDYWE 86 SINE KKBK Y2aild- 02YY2y
AYIF3ISRéomno®d LG Aa LaaroctsS dKFdG GKS /Y/Aa ol aSR
of risk, and hence we may observe more compliance with follow up imaging recommendations if the CKCis

risk groupsare adopted.

¢KS 1 YSNAOFIY ! NRt23AO0If !aa20ALGA2yQa o!! 10 YR
provide different recommendations from the CUA, and from each other. The AUA divides patient risk
groups based on pathological T stage, gradel atiher tumour features (11)The EAU separates risk

groups based on the Leibovich et al 2003 prognostic model (12). Compared to the CKCis surveillance
schedule presented here, the AUA and EAU guidelines suggest more imaging for low risk patients (AUA
12mths, 24 mths, 48mths, and 60mths; EAU 6mths, 18mths, 30mths and once every two years beyond
three years possurgery) and fewer imaging tests for high risk patients (AUA
6mths,12mths,18mths,24mths,30mths,36mths,48mths and 60mths; EAU 3mths,6mths,
12mths,18nths,24mths,36mths and annually until 5 yrs) (11,12).

In addition to local recurrence, the most common sites for ccRCC recurrence are the lungs (70%), lymph
nodes (45%), bones (32%), liver (18%) and adrenal gland {@@)%)he CUA guidelines differentiate
between thoracic and abdominal imaging (3) whereas the new proposed guideline recommends imaging
of the chest and abdomen at each interval. Our recommendation to combine chest and abdominal

imaging are consistent witAUA and EAU guidelines. (11,12).

6.5.1Limitations
The main limitation of these new surveillance guidelines is that we do not know if any surveillance

schedule will ultimately improve patiefitnportant outcomes. We assume that early detection and
treatment of recurrence at the lowest burdeof disease will ultimately optimize outcomes such as
treatment burden, disease symptoms, or survival. However, this assumption may be wrong. Furthermore,

approximately 30% of RCC patients have-olear cell histology. The CKCis model likely does nitnper
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well in nonclear cell patients given the differences in prognostic factors for patients withchear cell

tumour types.

6.6 Conclusions
The CKCikased risk group classification system incorporates more prognostic information compared to

the CUA rislgroups and this results in improved discrimination, improved labealsk concordance,
positive net reclassification improvement value. Tharent proposal recommends fewer surveillance
scans for low risk and more scans for patients at higher risk. Future directions for research include a clinical
trial evaluating the comparative effectiveness of the new proposed guidelines to the curreetigas in

ccRCC patients and the subsequent development of clinical guidelines-@leamnCell RCC patients in

addition to the creation of electronic medical recdvdsed tools for clinical use.
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6.8 Figures and Tables
Tablel: Patient Followmup Schedule Based on Patient Risk Group (3)

Months PostOperation 3 |6 |12 [18 [24 [30 [36 |48 |60
LowRisk (pT1+pNO0/X stage)
Chest XRay X X X X X
AbdominalCT/MRI/Ultrasound X X
IntermediateRisk (pT2+pNO0/X stage)
Chest XRay X X X X X X X X
Abdominal CT/MRI/Ultrasound X X X X
HighRisk (pT3+pNO0/X stage)
Chest XRay X X X X X X X X
AbdominalCT/MRI/Ultrasound X X X X X X
Very HighRisk (any pT stage+pN1 stage)
Chest XRay X X X X X X X X X
Abdominal CT/MRI/Ultrasound X X X X X X X X X

Abbreviation: X=Imaging required at timepoinpNO/X=pathological NO or NX stage\l1=pathological N1 stage;
pTl=pathological Tl stage; pT2=pathological T2 stage:4ppathological T3 or T4 stage; CT=Computed
Tomography, MRI=Magnetic Resonance Imaging
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Figure 1.CKCis Recurrence Free Survival Nomogram
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Figure 2:KaplanMeier Survival Curves for CUA and CKCis risk groups
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Table 2:Recurrence Rates Overall,ahd 5years PosSurgery by Risk Group Stratification System

Recurrence at Z/ears Recurrence at §ears
Risk Groups | N | % N | %
Canadian Urological Association Guideline Risk Groups
Low 45 3.9% 82 10.5%
Intermediate 23 19.3% 33 34.9%
High 223 38.8% 271 56.6%
Very High 25 73.4% 26 86.7%
CKCis Risk Groups
Low 15 1.8% 25 4.5%
Intermediate 26 6.8% 55 21.8%
High 113 27.5% 152 45.4%
Very High 162 60.6% 180 78.0%

Abbreviations:N=number of patientsCKCis=Canadian Kidney Cancer Information System

Figure 3:Proportion of CKCis patients in CUA and CKCis risk groups
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Figure 4Reclassification of patients in Canadian Urological Association Risk Groups into CKCis Risk

Groups
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Figure 5:Predicted and Observed Number of Recurrencgedrs PosSurgery

2] 2]
Zuyn [26 whal Zunn LYGSNYSRAFGS whal
] ]
S o
oMen O MH A
» “w
zmMnn =
MAan
W MH A .
Y ™
o MR - VN
2 2
@ ynp “w
© ©
§on 2
° S onn
a a
nn
- . . .
n
JPYFRALY I NRBE23AOIE | 440N A2 ywA 21 DNE dz JEYFRAFY | NBE23AOIE | A42ONIAE2 ywA 4] DNE dz
wA&] DNRBdz) /fF&aaAaU0Fe2y aSiK2R wAhd] DNRdZAJ /1 &88AU0Fe2y aSiK2R
mt NSRAOGSR wBOHAANBERSwS OdNNBy OSa ut NERAOGSR wBOAANBFRS &S OdNNBy 0S4
=] =] N N ~
gpnn A IK whay gonn +SNE TAIK whal
Snen s
Dnnn @ "Pn
2z B
opn
- wHAN
Nonn ™
o 5
ZHpn Z Mpn
» “w
© HNN ©
z hMﬂﬂ
Swmpn k]
a a
MAan
pn
" -
n n
JEyFRAFY I NBE23AOKE | aa2OWIAas2 ywA &1 DNE dz JEyFRAFY | NRE23AOKE | aaONIA2 ywA 41 DNE dal
wAd1 DNRdAJ /fF&&8A00F a2y aSiK2R wAal DNRdzZ) /f 1 aaAaU0lea2y aSiK2R
mt NERAOGSR WBOHAANBERSwS OdzNNBy OSa 5t NERAOGSR WwBOAANBFRS &S OdNNBy 0S4

Abbreviation: CKCis=Canadian Kidney Cancer Information System

148



Figure 6:Timepoints where Recurrence Incidence Increased by at Ledst 1%

Time Post-Surgery (Months)
012567 80910111215 16 18 19 20 22 25 26 29 323 35 36 38 41 43 46 47 50 51 54 55 58 50 60
Low X X X X
Intermediate X X X X X X X X X X X X X X
High XX X X X X X X X X X X X X X
VeryHigh X X X X X X X X X X X X X X
Abbreviations:X=Imaging required at timepoint
IFor Very Higisk, the first timepoint is 4 days pestirgery.

Risk Group

Figure 7.Timepoints where Recurrence Incidence Increased by at Ledst 2%

Time Post-Surgery (Months)

Risk Group
023561013 14 18 19 21 23 25 26 28 30 33 38 41 43 44 47 49 51 52 55 56 60
Low X X
Intermediate X X X X X X X X
High X XX X X X X X X X X
Very High X X XX X oX X X X X X X

Abbreviations:X=Imaging required at timepoint
IFor Very Highisk, the first timepoint is 7 days pestirgery.

Figure 8Recommended CKCis imaging schedule formetastatic patients with ccRCC

Follow-up Time PosSurgery (months)
Risk Groups 3 6 9 12 15 18 21 24 30 36 42 48 54 60

Low X X
Intermediate X X X X X X
High X X X X X X X X X X X X

VeryHgh X X X X X X X X X X X X X X
Abbreviations:ccRCC=Clear Cell Renal Cell Carciptrirmagingequired at timepoint
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Chapter 7Discussion

7.1 Discussion Introduction
Prognostic models are developed to predict future patient outcomes. If we can accurately predict

outcomes, we can appropriately counsel patients, offer preventative therapeutics (if they exist), and
recommend risk concordant imaging surveillance. Accumatgnostic models also allow for more
efficient observational studies and clinical trials. Specifically, prognostic models provide estimates to
calculate endpoint distributions across clinical trial arms for sample size calculations, determining
generalizhility, and comparing prognosis in treated and untreated arms (1). In addition to this, prognostic
modetbased risk groups are useful to stratify patients prior to randomization in clinical trials. This is
certainly relevant in kidney cancer research asvpus studies examining the effect of pesirgery
adjuvant therapy have shown inconsistent findirgygotentially due to an absence of standardized risk

categorization, or due to use of risk groups that are not accurate (2).

The goal of this thesis was understand existing prognostic models and potentially improve on existing
models for patients with kidney cancer. We accomplished these goals by validation of published models,
examination of the effect of baseline hazard function on validation, creaifoa new prognostic model

for recurrence, and applying the new model to establish risk groups, and corresponding imaging
surveillance recommendations. This chapter will summarize our work, review clinical applications, and

suggest directions for futureesearch.

7.2Summary of Findings
The first objective of the thesis was the examine the accuracy of published prognostic models for kidney

cancer recurrence, cancer related death, and death from any cause in Canadian kidney cancer patients.
15 models forrecurrence, 6 models for cancer specific death, and 4 models for overall survival were
identified from literature searches. Some models were specific for kidney cancegraurs based on
histology or tumour stage. In general, we observed a wide rangedaracy. For prognostic models
examining recurrence in all patients, Yaycioglu et al 2013 had the best discriminative ability, Kattan et al
2001 had the lowest Brier Scores over time and van der Mijn et al 2019 had the best calibration. Among
models speitic to clear cell renal cell carcinoma (ccRCC) recurrence, Leibovich et al 2003 had the best
discrimination and lowest Brier Scores and Leibovich et al 2018 had the best calibration. For papillary renal

cell carcinoma (pRCC) recurrence, Klatte et al 249the best performing model.

Among prognostic models examining the outcomes of cancer specific survival, Kutikov et al 2010 had the

best discrimination, calibration, and Brier Scores; in ccRCC patients, Leibovich et al 2018 had the best
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discrimination ad Brier Scores at-8nd 5years posisurgery, Frank et al 2002 had the best calibration at

2-years postsurgery.

Lastly, when considering prognostic models examining overall survival, Zisman et al 2001 had the best
discrimination and Brier Scores buts@ian et al 2002 had the best calibration. Interestingly, many
prognostic models had lower discriminative ability than pathological T stage alone and the presence of
over and under estimation of recurrence, cancer specific mortality andcalise mortaliy risks
suggested that room for improvement was present. Further, decision curve analysis demonstrated that
prognostic models examining specific patient groups had a larger range of patient risk thresholds for which

prognostic models were clinically usebadmpared to prognostic models examining all patients.

When validating previously published models, it became apparent that baseline hazard was frequently
omitted from publications, and we wondered how this might impact predictive performance. The second
objective of the thesis was to examine the effect of baseline hazard function variation on assessment of
model discrimination and calibration. The Weibull, ExponentiakLaggstic and Ledlormal distributions

were examined with changes in the rate paraemrtshape parameter, or both (the mean and standard
deviation were used for the Lagormal distribution) along with oveland underestimates of 5%20%

and three methods for calculating the calibration slope was assessed: Cox Proportional Hazards model
fitted as is, Poisson regression adjusting for model development dataset, and Poisson regression adjusting
for the value of the baseline hazard function in the model development dataset at a single timepoint. We
found that discrimination is robust to baselih@zard function miscalibration as the estimatesdtatistic

did not vary considerably across different deviations in the baseline hazard function. However, the
calibration slope varied considerably, especially with-Logistic and Letlormal distributiors. It seems

the ideal method to assess the calibration slope varies based on the shape of the baseline hazard function
and whether rate and shape parameters are owgrunderestimated. When the calibration slopes of five
models were compared across diffat assumed distribution shapes, the calibration slopes varied slightly
and the relative ranking from best to worst calibration remained constant. In summary, assessing
discrimination and choosing the best performing model is likely reasonable withoelit@$azard
information, but estimates of calibration have the potential to be inaccurate (overestimated) if the

baseline hazard function is not available.

The third objective of this thesis was to create a new prognostic model for recurrence free kurviva

ccRCC patients. Thevplue selection model including pathological T stage performed best. As expected,
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the accuracy of the CKCis model was better on internal validation compared to external validation of pre

existing models.

Based on the CKCis modésk groups were established and compared to the CUA guideline groups. The
CKCis risgroups had improved distribution, lab&ld-risk concordance, discrimination, and calibration.

We applied the CKCis risk groups to provide a surveillance scheduldiantgdollowing surgery. Low

risk patients are recommended to have imaging at @&4d 48months postsurgery. Intermediate risk
patients are recommended to have imaging performed at 6, 12,24,36,48 and 60 monthsupgsty.
Highrisk patients are recommmled to have imaging every 3 months untiydar postsurgery and
subsequent scans every 6 months untildars postsurgery; Very Highisk patients are recommended to

have imaging at every 3 months untily2ars postsurgery and subsequent scans evem@nths until 5

years postsurgery. Compared to the CUA recommendations, our imaging schedule requires fewer scans

for low-risk patients and more scans for High and Mdigh risk patients.

7.3Practical Considerations in Prognostic Modelling

7.3.1 Issuesdtated to Prognostic Factor Identification
Prognostic factors may be identified from previous research combined with biological reasoning and

causal pathways. Prognostic factors should provide information that is independent from each other (3).
A complete understanding of prognostic factors is usually impossible as we have an incomplete

understanding of biology, biased publications, small sample sizes, inaccurate data capture, and
inadequate statistical analysis (3). Ideally, prognostic factors are assiesisege cohort studies that are

representative of the population, with sufficient statistical power, and appropriate statistical analysis (3).

7.3.2Issues in Development and Assessment of Prognhostic Models
There is a lifecycle of prognostitodes: creation, external validation, impact assessment, and update.

Ideally, prognostic models are developed from large representative cohorts with analytic plans to account
for common issues (missing data, clustering, etc) (4). The quality of the clattaris obviously important

and details about how the data was collected and codified should be clearly reported (4). The CKCis cohort
is one of the largest and most diverse in the world, thus an ideal resource for model development and

assessment.

Methods for internal validation may be importanDifferent methods of optimism correction in
0220&80NF LILIAY3I F2dzy R GKIFG | FNNBffQa 2LIAYAAY O2 NNB«

in small sample size settings, where the 0.632+ estimator wasrpeef€5). In chapter 7 we found that
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optimism corrected bootstrapping yielded more optimistic measures of model performance tf@d k

validation, a finding supported by previous research (6).

As outlined external validation of prognostic modelsrexjuired prior to applying the model in different
populations (4) but prognostic models should also be updated over time when clinical practice changes
or new information emerges (4). For instance, independent of tumour histology, there may be prognostic
information from blood markers andthe Leibovich et al 2003 prognostic model has been expanded by
adding mean platelet volume as a potentially new parameter (7). Another example in our work is the
inclusion of neutrophil concentration. In all situationseg ttlinical impact of prognostic models should also

be examined. In this thesis, the clinical utility was evaluated using decision curve analysis and various

methods were used to examine the impact of CKCis risk groups on patient surveillance.

7.3.3Issuesn Applying Prognostic Models in Clinical Practice
The PROGRESS research group has provided recommendations for applying research in clinical practice.

It is important to consider that prediction models are imprecise and there may be an imbalance in the
consequences of a false negative compared to a false positive. For example, the CKCis model may be
applied to the selection of adjuvant (preventative) therapy after surgery. An individual patient may place

a higher value on prevention of cancer recurrencéjlevanother may place a higher value on avoiding
treatment-related toxicity. These values and preferences should be incorporated when discussing

treatment thresholds to an individual patient considering their treatment options.

Given the significant coigerations that must be taken into account when deciding whether a prognostic

model should be used, a flowchart has been developed to guide the decision making process (Figure 1).

7.3.4 Limitations of the CKCis Prognostic Model
Despite the strengths of thEKCis cohort, there are several limitations. For instance, we could not assess

some potentially prognostic markers, such as genetic profiles, as these data are not available for most
patients. There may also be selection/referral bias in the CKCis agethey are all tertiary care
institutions. Incomplete data, incomplete follow up, and short duration of foliggvare additional

limitations with an unknown impact on model performance.

7.4 Future Directions for Research
The optimal method for determingnthe value of prognostic modéksed care is through randomized

clinical trials (RCTs). However, prediction model RCTs are rare because they are costly and difficult to
implement (8). In the absence of RCTs, rigorous model development and external @&gdsthe most

feasible method to determine if model incorporation improves patient counseling and delivery of care.
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7.4.1Need for External Validation of CKCis Model
The CKCis model must be validated externally prior to clinical use in other popul&i@msif the CKCis

model is found to be accurate in other populations, further validation in the future is also necessary.

t NPIy24GA0 Y2RSta OFy 2FGSy 06S02YS a@AOiGAYa 2F (K
in treating patients may chaegoutcome distributions over time, causing the prognostic model to lose
effectiveness (9). Another reason for repeated model assessment is that diagnostic technology and
practice patterns may change over time. Examples in kidney cancer are the incre&edud  WI OG A @
AdNDSATtf I yOSQ o0AyailisSIR 2F &adzNASNEOUSE AYyONBIF &SR dza s
FYR AYF3IAYy3 NBfFGSR Wadr3S YAINIrGA2yQ ¢ KSNB (dzy2 dz
7.4.2 Incorporation of Prognitis Model into Electronic Medical Record and Online Tools

Electronic medical records can potentially result in fewer medical errors, more standardized care (i.e.
computerized reminders regarding guidelines), increased data availability, and improvedzatigami

(11). Online tools have been implemented for kidney prognostic models including the UISS model for non
metastatic patients or the IMDC criteria for metastatic patients (12). Incorporating CKCis risk models into

electronic medical records and onlinemograms should be possible.

A prognostic model is only useful if it is used. Despite the accuracy of nomograms, they historically have
not been used in clinical practice because they are not understood, are time consuming, or are
cumbersome. Data visuztion using an interactive nomogram version of theernational Metastatic

Renal Cell Carcinoma Database Consortium (IMDC) cfaerigetastatic kidney cancer patients has been
shown to have ease of use and acceptability; increased accuracy in pidnophysicians when
presented with an updated version of the tool was also observed (13). It remains to be seen whether a
data visualization tool integrating data from patient electronic medical records into the newly developed
prognostic model for kidne cancer recurrence would have the same effectiveness and acceptability.
Future incorporation of the CKCis model into online tools and electronic medical records may allow for

higher use. Methods to encourage and facilitate the use of the CKCis modelessguther research.

7.4.3 Incorporation of CKCis Model in Clinical Trials
In addition to cohort validation, prospective clinical trials can offer insight on how prognostic models

predict clinical outcomes. Stratification of patients into risk groups prior to randomization in clinical trials
facilitates balance between treatmeatms while maintaining the benefits of randomization; this ensures
that differences in outcome arising from differences in risk factors is virtually eliminated and observed

differences between allocation arms is more likely due to the intervention beindiext. Accurate
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stratification also decreases variation between the clinical trial arms in all aspects aside from treatment

provided, decreasing the sample size required for the clinical trial to provide a definitive answer (14,15).

7.4.4Incorporation ofPrognostic Models into Surveillance Guidelines
While the current Canadian Urological Association guidelines do not incorporate any prognostic model

into its assessment of patient risk groups (16), the European Association of Urology recommends the
divisionof patients into Low, Intermediate and High risk based on Leibovich et al 2003 risk scores for Clear
Cell renal carcinoma patients and tumour grade, pathological T and N stage used {fGteaorCell
patients with imaging recommended every three monthsigh-risk patients and annually starting at six
months postsurgery for Lowrisk patients (17). Overall, guidelines for kidney cancer management vary in
terms of risk group classification and imaging recommendations. Assuming that patient outcome is
depe/y RSy i 2y Of AYyAOAlIYyQa (GNBIGYSYyldl RSOA&AAZ2YS gKAOK
to evaluate guidelines prior to clinical use. Ideally, surveillance guidelines are based on evidence and then
studied in a randomized trial. While survaiice trials are uncommon, they are possible. An example of a
surveillance trial is the TRISST trial which randomized patients into four different trial arms representing
different imaging types and schedules (18). The primary outcome was disease reafapte authors

also evaluated tumour size at relapse, overall survival, disfrasesurvival, prognostic factor assessment,

and resource use (18). A similar approach may be possible for a kidney cancer surveillance trial.

7.4.5New Predictive Biomarkeradthe Improvement of the Prognostic Model
The addition of new predictive biomarkers may improve the performance of the CKCis model. Recent

research has suggested blood, urine, or genetic factors may be useful. Nuclear renin, ubjpdtfic

protease 2girculating tumour DNA, circulating tumour cells, and unigue patterns of gene expression are
some of the biomarkers under evaluation (19). A review of studies examining prognostic biomarkers for
renal cell carcinoma identified the most commonly validatgghetic markers are Ki67, BIRC5, TP53,
CXCR4 and CA9 (20). Therefore, the addition of new biomarkers to CKCis data collection and expansion of

prognostic models has the potential to considerably improve prognostic performance.

7.4.6 Develop models for Rbigry and Chromophobe Kidney Cancer Patients
Results from the external validation of prognostic models demonstrated that recurrence free survival

prognosis varied by histological subtype. No@ar cell RCC models do not perform well, perhaps due to
small sample size. We are endeavouring to combine CKCis data with other databases worldwide to

generate prognostic models for patients with rarer RCC histology.
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7.4.7 Develop models for Cancer Specific Survival and Overall Survival
Results from the external lidation of prognostic models demonstrated that the performance of cancer

specific survival and overall survival models also varied considerably. Improvements in data quality for the
collection of cancer specific survival data is needed. As room for ireprent exists, new prognostic
models to improve the prediction of cancer specific survival and overall survival may be needed for future
trials in very high risk nemetastatic patients. As the CKCis cohort follow up matures, models predicting

cancer relatd death and overall survival will be generated.

7.5 Conclusions
Many prognostic models for kidney cancer recurrence free survival, cancer specific survival and overall

survival have been published. However, 4grasting prognostic model performance varieitlely when
applied to contemporary Canadian patients. We found that the reporting baseline hazard function and
distribution should be encouraged to allow better assessment of calibration. Using a large cohort of
Canadian patients, we developed a prognostiodel with improved accuracy that can be applied to

clinical care. External validation in other populations will be important prior to widespread adoption.
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7.7 Figures and Tables
Figure 1Decision M&ing Process on Whether a Prognostic Model should be'Used

Does prognostic modeg
apply to the population|

of interest?
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-large cohort representative of the patient population of interest
-large sample size for sufficient statistical power

Has the model been
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[v]
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While the prognostic model should be validated in the clinical population of interest, this does not have to be
exactly the specific population being examirgt can be used with caution in other contefts. the CKCis

prognostic model was developed in Canadian Clear Cell Renal Cell Carcinoma (CCRC) patients and can be used in
CCRC patients in a specific ©ONG site hospital).
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Appendix 2: Testing Assumptions of Cox Proportional Hazards Models
Figure 1:Schoenfeld Residuals for Proportional Hazards Assumption Test in New CKCis Prognostic Model
for Clear Cell Renal Cell Carcinoma Patients
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Figure 2:Martingale Residuals for Linearity Assumption Test in New CKCis Prognostic Model for Clear
Cell Carcinoma Patient
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Abbreviations sqrt=Square Root; log=Natural Logarithm; exp=Exponential
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