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Abstract

The number of childhood cancer survivors has dramatically increased in the past few decades due

to advances in cancer treatment, shifting the priority from clinical treatment to improving long
term survivorso6 qual igtestly mpactsiemafe survivdidsnisgembtard e e f f
ovarian insufficiency (POI)t is estimated thatl@out one in seven femasarvivorsdevelops POI

before age 40POI dramaticallyshortenghe reproductive age interval ammaduss infertility. To

preserve théunction, some fertility preservatioprocedurs for childhood cancer survivorsre

now availableHowever,without knowing the risk diuture POI, it is challenging to make fertility
preservation decisions. This study auhto build a reliable prognostimodel to predict the risk of
developing POI at prespecified aga female cancer survivors to inform decisimaking on

fertility preservation

We included7,891 femalesurvivorswho are participants the Childhood Cancer Survivor Study

The multiple imputationmethodwas employed to deal with the missing datad an inverse
probability censoring weight was assigned to each individual to account for the censoring. Elastic
Net panelized |l ogistic regr es svereusedto Xe@G@8the st , a
risk of experiencing POI girespecifiedages. Thenodel performance was evaluatedrissted
crossvalidation.

The results shoedt hat t he 0 E npefmmédthe bestwightAbC&deas under the

receiver operating characteristic ve§ around 0.8 and ARaveragepositive predictive value
rangingfrom 0.469to 0.5% for prespecified agaanging from 21 to 39. The calibration curves
indicated good alignment between the estimated risks of developing POI and observed status for

prespeified ages less than 28Thedevelopedi Ens e mb | e 0 al g o craftecimoac an b e



userfriendly clinical toolwhich canprovide clinicians and patients quantitatie@ormation when

discusng fertility preservation
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1 Introduction

1.1 Background

The decline of the ovarian follicle paol humanss a natural procesh.is associated with reduced
fertility in the midthirties, irregularmenstruation from the mitbrties, and finally, follicle
exhaustion and menopause in the early fifti€be treatment of canceanaccelerate this process
and can cause primary ovarian insufficiency (P@®hjich is defined as compromised gonadal

function before age 40

It has been showthat £male childhood cancer survivdiSCSs)are at a significantly increased
risk of developing POl compared tioe general populatiod? While the prevalence of PO the
general populatiois about 19 it wasestimated that 6.3% of female CCSs lose ovarian function
within 5 years of cancer diagnogime subcategory of PCdcute ovarian failurgAOF)* and 9.1%

will go on experiening nonsurgicalmenopausdefore age 4@the other subcategory of POI.

nonsurgical premature menopauSSPMY.

As female CCSdacea high risk of POl which may cause manglistressingchronic conditions
such as infertility, osteoporosis, heart disease, and depregsi@AmericanSociety of Clinical
Oncology (ASCO)has recommendeldealth care providermform pediatric patients and their
parents or guardianaboutthe risk of developing POI and provideformation on fertility
preservatiohsuch as oocyte and ovarian tissue cryopresenfatiowever, discussing fertility
preservationith pedatric patients and their families is challengiegpecially when #habsolute
risk of developing POI in the future is unknowRrevious researchas identified many cancer
treatmentrelatedrisk factorsof POF'>° but there is a need to builgrognostic moded for
predictng the absolute risk of POI for individual patients.

1



1.2 Objective

The goal of this studwasto estimate the risk of developing P&@hongfemale childhood cancer
survivors befor@respedied agesso thatinformationcan be providefbr those survivors atigh

risk who might considefertility preservatiorbefore developing POI

1.3 Organization

The rem@der of the thesis is structured as followsChapter2, | exploe predictorsderivedage
at event, and conduwedd the univariate analysis. Chapt&raddresseshe analytical challenges
including missing data and censoring. Chaptdocuseson model development and evaluation.

Finally, the findings, study limitations, and future research direcaoggresented ilChapters.



2 Data

The data used to develop prognostic modeds derivedrom the Childhood Cancer Survivor
Study(CCSS)a retrospective cohort focused on the late effects of cancer treatments@@#sg
In this chapter, | first introduckthe datasource (section8.1and?2.2) andthen preparéthe data
including assgning age at event/censoring for each participant (se&idnand applying

exclusion criteria (sectioR.4). Finally, | conducedexploratory data analys{section2.5-2.7).

2.1 Data source The Childhood Cancer Survivor Study

The Childhood Cancer Survivor StufiyCSS) isa multtinstitutional collaborative project which
assembld a large and diverseohort ofchildhood cancesurvivorsin North America, enabling

investigators tetudy the relationship betwetate effectsaafter cancetherapyand treatments

Establishment and followp of theCCSScohort

Details aboutheestablishment and followp of the cohort have been documented in LL. Robison
et al. (2002, 2009%1!* and WM. Leisenringet al. (2009*2. Briefly, patients were eligible for
recruitmenif they were 5year survivors diagnosed before age 21 with one of the follov@nger
types: leukemia, central nervous systenCRS) cancers,Hodgkin lymphoma nonHodgkin
lymphoma, neuroblastoma, stiisue sarcomakidney canceror bonetumors'® Recruitment of
theoriginal cohortbeganin 1992.1213|nvestigatorsdentified 20,720 eligible survivors diagnosed
between Januarly, 197Q andDecembeB1, 186.1! After extensive tracingnd contacting efforts,
69% (14,357 of the eligble study populatiorcomgeted the baseline questionn&freThe
demographic and caneezlated characteristiasf participants non-participants and those who

were lost to followupwere compareih LL. Robison et al. (2002jand no statistically significant



differences were found-rom 2008, CCSSstarted toexpandthe original cohort by recruiting
eligible survivors diagnosed betweganmuary 1, 19§and December 31, 1999At last,the CCSS
cohortwas expanded t88,036eligible survivors with25,665 participatint.

To monitor the health conditisrand late effectamongthe established cohoffiye follow-up
surveyshad beersent outprior tothe time we received the CCSS datenong the two baseline
guestionnaires and five followp survey® (shown inFigure 2.}, four questionnaires contained

guestions related tonenstrual history (MH)Therelevant questiongereappended iAppendix

A.
Original Baseline
10/1992 - 12/2002
Follow-up 1
02/2000 - 12/2002
Expansion Baseline
Follow-up 2 2008 - 2014
11/2002 - 04/2005
Follow-up 3
04/2005 - Follow-up 4 Follow-up 5
11/2006 07/2007 - 11/2009 2014-2016
| | | | | | | | | | | | | | | | |
| I I [ [ [ I I [ | I I I | [ | |
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

Figure2.1 Timeline of CCSSaselines and followp surveys
The surveyshaded in yellow indicatdbat questions related tdMH were included

To enable researchers to stuithg late effects of cancer treatmentigtamanagement staff were
trained to abstract chemotheramdiation therapyandsurgery information fronrmedical record
by using a standarziid medical records abstraction forhPotential outliers were returned to the

data management staff doublecheck the medical records and verify d&ta.

Initial information aboutsecondmalignantneoplasmgSMN) was obtained from seteported
baseline questionnaire$hen thosereportedpositive responsewere considered hagossible
SMNs and thei information was forwarded to theCCSS Pathology Center for verificatith

Treatmentdata about the SMMWas notavailablein this study.



2.2 Relevant data elements

To developrisk prediction models for POI i€@CSs we usal informationfrom 11,336 female
survivorsin CCSS includingMH information(such agge at menarche, age at last menstrual period
etc) abstracted from CCSS baseline anddietup questionnairethat were completetdetween
November 3, 1992, and November 25, 201énd information abstracted from medical charts
recordedbetween January 1, 197dnhd December 31, 2004 hetreatment exposure information
wasrestrictedto within 5 years ofa primary cancer diagnosi$he maximumradiation doses to
body regions werebtainedby summingthe prescribeddose from all overlapping fields in each
of the respectiveegions.The averageradiation doses taght and leftovarieswere estimated
separatelyandthe lowerhigherdose was recorded as minimimaximumovarian radiation dose
accordingly® For 22 chemotherapeutic agentse quantitave doseas well as a yes/revaluation

of exposuravas abstractedienwidely usedalkylating agentsveresummed tde a camulative
alkylating drug dosaccording to theyclophosphamidequivalence dosequation recorded in

Green et al(2014)38.

2.3 Outcome variables

2.3.1 Definition of outcome
The outcome wawhether a childhood cancer survivor experienced POI beforespecifiecage

It was determined bihe cutoff age,menstrual statysind age at the event. For example, if age 25

is the age of interedi.e. the cutoff age) theouc ome s AYeso (or | abel

individual experienced POI bef ore age 25,

menstrual function was normal at age 25 regardless of her menstrual status after this age. Censoring

occuredwhen the menstrual status was normal but the age at lastHfgtiovas belovage25, as
menstrual status at age 25 was unkno8urgical premature menopau&PM) which refers to

5



premature menopause caused daygical interventions such dslateral oophorectomywvas
considered a competing risk of P@lso, when a survivor with normal menstrual function was
diagnosed with an SMN before age 25, slasdeemed to be censored at age of SMN diagnosis

because theeatment informationf SMN wasnot available

2.3.2 Ovarian status

Based on the MH informationpvarian status was assigned to CC@&ticipants by
endocrinologistaccording taheestablished definition of ovarian statu3 hefour possiblestatus
wereAOF, NSPM, SPM, andormal AOF wasassigned when f@malesurvivor reported never
experiencingmenarche or permanently ceased having menses within 5 yedwesr alancer
diagnosié. NSPMwasassigned whemenopausewhich is notelated to surgicabccuredbefore
age 40 years but after 5 years frdiagnosis®. SPMwas assigned whegremature menopause
wasinduced byhysterectomy or bilateral oophorenty. Normal means thabefore age 40 cat
the time of the last survey containing questiomslated 6 MH, neither of theabove health
conditiors happened tthe survivor.

In this analysis AOF and NSPMwvere merged t&OIl which wasthe evenbf interest SPMwas

the competing risk dPOl.

2.3.3 Derivingage at event

Assigning age aeventfor individualswas not straight forward becaushfferent information
includingage at menarche, age at last menstrual period, aya@dt recent survey thabntairs
MH information, age atsurgical ovary removal, and age &MN, need tobe considered
simultaneously. The details of deriving agewatntweregiven inAppendix B The algorithms for
deriving it have beerdiscussed with endocrinologists to ensure its rationaliypically, for
NSPM, age atventwasfrom selfreported age at laghenstrualperiod For SPM, the age at

6



surgical timewasused For AOF, age at last menstrual perisghsused asage at evenif it is
available in the data set. Whage at last menstrual periacs missingage at menarcheas used
as age at event for AOF bothages werenissing, thdargerof agel6 andage at diagnosis plus
5 was usedFor normal statusage at last menstrual periadhs usedvhenthis age was greater
than 4Q otherwise, when this age was less thantd®smaller of age40 andage at last survey

that contais MH informationwas usedsage at event

It should be noted thdt29 survivorshad clear age intervals in which their ovarian function was
normal, but theiovarianstatusbecameunclear after a certain age. Therefore, they were retained
in the analysis until their ovarian stattmild notbe ascertained basedtheavailable infomation

(the details are iAppendix B.

2.4 Exclusion criteria

To ensure the datased for analysiss accurate survivorswho did notparticipae in any
guestionnaire containing the menstrual history section (n = land4hose who did not attain age
18 at their latest follovup or providedmenstrual history informatiothrougha proxy(n = 766)
were excludedrom the analysis.Furthermore, the subject was excludetief menstrualstatus

could not be determinga = 86) or if she received 30 Gycranial andor pituitary radiationor

wassuspected pituitary dysfunction (n = 768jgnose@sTur ner or Downd,s Synd
developed an SMMiithin 5 years of primargancer (n = 21)or hadconflicting age information

(i.e.age atSPM, NSPM, or SMN 9 years oldandage at event occurred 3 years prior to age at
diagnosis seeAppendix B (n = 27) leaving 7,891 survivors of the original sample (70%)
available for analysi@=igure 2.2. The finaldata seincludes 7,891 observations with ¥ariables.

The data dictionary for thitnal data setvasavailablein Appendix C



Total female CCSS population
(n =11,336)

No participation on a questionnaire containin
the menstrual history section (n =1,774)
Menstrual history information provided by a
proxy (n = 766)

Menstrual history oclear so status cannot be
determined (n = 86)

CCSS patrticipants with ovarian statu
information (n = 8,710)

Cranial and pituitary radiation 30 Gy or
pituitary dysfunction suspected (n = 765)
Survivors with Turne
(n=6)

Secondmnalignancy within 5 years of primary
cancer (n = 21)

Conflicting age information (n = 27)

Work data (n = 7,891)

Figure2.2 Exclusion flowchart

2.5 Exploring the elements

In the final data set, 6.2% of the abtnformationwas missing and 19%f survivorshadone or
more missing valuedJnderstanding the missingness and missing pattern between vawakles
the first step to deal with the problem of missimghis section, missing patterns were investigated

usingseveravisualizing methods.

Figure 2.3showedthe missing pattern of 61 variables for 7,891 observatio@aig) in the final
data set.Variables cohort (original or expansion) date of birth ( i d _ b iovariah siafus
(A s t 3 tandsabdicer type(il d i a g) wers felly observedAmong variablesvith missing
values age at event i a _ e khadthelowegst missing percentage (0.48%ariables related to
cancer teatmens that were extracted from medical recordsd higher missing percentages,

rangingfrom 6.01% to 12.55%.
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Figure2.3 Missing pattern of final data

Figure 2.4showedthemissing percentages of variables categorized by ovarian status, the missing
percentages in POl and SRMereslightly higher than that in theormal group but the pattern

among the three statusssimilar.

Figure 2.5showed how the missing variables wemnnectedEach row represeed a missing
combination, and each column indicates a variablee numbers on the left indicdtehe
frequencies omissirg withthesamecombinationswhile the numbers on the righgferredto how
many variablesvere missing ineach respective rawHnally, the bottom numbers indicat¢he
frequencies of missing values in each variabler example, in the first rovtherewere 6,319
subjects with no missing valuesndin the second row420 subjectdad missing values in 54

common variables.
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2.6 Exploring outcomevariables

2.6.1 Distributions of age at event

Figure 2.6showedthe distribution of age at evestratifiedby thethree levels obvarianfunction
The distibution of age atPOl appears skewed righige at SPM had a higher median age
(approximately33) compared tage atPOl @pproximatelyl8). Due torules forassigningage at
event (detailed iAppendix B, therewasone peaKage = 16)n age at POandonepeak (age =

40) inage akvent for survivors with normal ovarian status

A Qvarian status: |:| Normal |:| POI . SPM

4001

200+

Nuber of Patients

B
SPM- ---....—-_

Normalq 1 I [

10 15 20 25 30 35 40 45 50 55
Age at event (years)
Figure2.6 Distribution of age at evesstratifiedby ovarian status?) Histogram B) Boxplat

Note: Thel29 survivorswith unclear statusnentionedn section2.3.3were excluded.

2.6.2 The @nsoringpatterns
To visualizethe occurrence afensoring (the ovarian status was only partiathgervedoefore
cut-off ages) Figure 2.7showedthe age at eveim a differentway: al the age intervals fronage

9to age at everdreplotted as horizontal lines colored withree different colorsrhe yellowsolid
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line indicatel that thesurvivod s 0 \statusiwasormal The bluedottedline indicatel that the
survivor developed PQthile the reddashedine indicatel thatthe survivorexperience@&PM.
Asthe age threshold increases, a larger proporfisareivors becomes censorgthown inFigure
2.8). The proportions obvarian statuat different agehreshold and nore details on percentages

of censoringveresummarized ippendix D
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Figure2.7 Participans sorted by theiage at evendr censoring
Note: Thel29 survivorswith unclear status mentioned in sectihf.3were excluded.
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Figure2.8 Ovarian statusompositionin CCSS patrticipantat differentagethresholds

Note: Thel29 survivorswith unclear status mentioned in sectithB.3were excluded.
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2.6.3 Cumulative Incidence Curves

Figure 2.9showed the cumulative incidence ote of POl and SPM respectivelA large
proportion of AOF (one type of POl)experienced the event before ag@ therefore the
cumulative incidence of POI increskrapidly at the beginning, especially at ageviléerethere

wasa big jump due to the rule of assigning age at event. After 25, the cumulative incidence of POI
went up steadily and reached about 16§mage 40 This numbemwas closeto the sum ofthe
prevalence of AOF (6.3%) and cumulative incidence of NSPM (8%) esxpantthe previous
CCSS reporfs*'® The cumulative incidence of SPMcreasedslowly at the beginning but

acceleratednore rapidlyafter surpassing 25 years old ungidchingaround 7% aage 40.

POI
— SPM

Cumulative Incidence

10 15 20 25 30 35 40
Age (years)
Figure2.9 Cumulative incidence of POl and SPM

2.7 Predictors

Risk factors for developing PQiave been identified in the literatur@hey wereirradiation tothe
abdomeror pelvis, total body irradiation, and alkylatirthemotherapyagents:2%22 Other than
cancer treatments, agedsignosigor age athetime of treatmentand BMTwerealsoregarded

asrelated tahe risks of developing PQf®
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In this section | inspected all the available exposure variablethé@final data set and explored
their relationships witlan agespecificovarian satus(age threshold = 25Yable 2.1showedthe

distribution of the agspecific ovarian status

Table2.1 Distribution ofthe ovarian statusvhenage threshold = 25

Cutoff Normal SPM POI Censoring Total
age (years) n (%) n (%) n (%) n (%)
25 5968(75.8) 23(0.3) 703(8.9) 1140(14.5) 78342

a 19 of the 129 survivors (secti@m3.3 were excluded because their menstrual status was unclear
before 25 yeas; 38 subjects whose age at event weassimg were also excluded.

2.7.1 Race

The =If-reported racevasmergedinto 3 categorieswhite black andother. The percent of self
reportedwhite was 86.1%while the percentages tack andotherraces were 6.1% and 6.6%,
respectively. The missingroportionwas1.1%.

Table 2.2showedthe distribution of race. 8.6% wiitedeveloped POlvhile higher percentages
of POl were seern black (9.8%) andother (12.0%), whichindicatel thatrace might be a risk

factor andblackandotherhada higher risk of developing POI comparing to white people.

Table2.2 Distribution ofraces by ovarian statuat age 25%: row percent)

Race Normal POI SPM Censored Overall
n (%) n (%) n (%) n (%)
White 5221 (77.3) 582 (8.6) 21 (0.3) 926 (13.7) 6750
Black 335 (70.0) 47 (9.8) 1(0.2) 95(19.9) 478
Other 356 (68.7) 62 (12.0) 1(0.2) 99 (19.1) 518
Missing 56 (63.6 12 (136) 0 (0) 20 227) 88
Total 59%8(76.9 703(9.0) 23 0.3 1140 (146) 7834
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2.7.2 Age atdiagnosis

Figure 2.10showed the distribution of age at diagnositratified by ovarian statudy age25.

Visually, thereweretwo peaks at approximately 4 yeatd and 4 years old for Normal and POI.

SPMhadonly 23 observationsT@ble 2.}, thereforavasomitted inFigure 210A.

The boxplots irFigure 2.1G6howedthat the median age at diagnosissslightly younger in POI

compared tdNormal and SPM. However, this should not lead to the conclusion that patients

diagnosed at a younger age tend to develop Pé&dausehe boxplots did not take censoring

information into accountand age atliagnosiswas strongly associated witttensoring(Figure

2.10A) aspatients diagnosed at a younger hgd more potential to h@ungerthanage 25 at the

time ofthelastfollow-up (for example, if @atient diagnosed at age 2 years old in 1988pnly

attained 20 in 2018

A
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4001

300
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1001

Censored

SPMH

POI 4

Normal -

Ovarian status at age 25: |:| Normal |:| o] . SPM |:| Censored

0 2 4 6 8 10 12 14 16 18 20

22

__|:|: mesoms s co oo ee

0 2 4 6 8 10 12 14 16 18 20

Figure2.10 Distribution of age at diagniss
A) Histogram and density curve; Bpxplots
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2.7.3 Radiotherapy

Irradiation can causavarian damagend the degree of thadiationinduceddamagelepends on

the radiation doseaadiation field, fractionation schedule, and age attithe of treatment* 26
Research leshown thafrradiationto the abdanenandpelvis appeas to lead tathe highest risk

of developingPOl.#2426.2"Ag for the irradiation doses, it has been reported that receiving pelvic
or abdominalradiation doses 10 Gy for postpubertal girls and 15 Gy for prepubertal girls

substantially increaskthe risk of POP®

Table2.3showedthata similar proportion(around 44%pf patients in the study sampieceived
irradiationto theabdomen, pelvis, pituitary, ambthovaries

Table2.3 Radiotherapy Informatio(P6: row percentagesge cut off 2b

Irradiation Not received Received Missing Total
n (%) n (%) n (%) n
Abdomen 3707 (47.3) 3487 (44 5) 640 (8.2)
Pelvis 3707 @47.3) 3488(44.5) 639 (8.2)
Pituitary 3721 (47.5) 3446 (44.0 667 (8.5) 7834
Ovary (minimumj 3708 (47.3) 3426 (43.7) 700(8.9
Ovary (maximum} 3708 (47.3) 3420(437) 706 (9.0)

a: the minimum of the estimataderage doseetween right and letivaries.
b: the maximum of the estimataderage dosbetween right and left ovaries

Figure 2.13showedthe density curvesf radiation dosenly doses > Ofp different body regions
categorized byvarian status at age 28efsity curves foBPMwerenot plotted aSPMhas only
23 obsevations) It should be noted that the patientso received more than 30Gy irradiation to
pituitary have been excluded. Visually, irradiation dose to abdomen,,@eldisothovariandoses
couldwell separate Normal and POI groups, indicating that thigyhtbe useful risk factors in

predicting the risk of developing POI before 25 years old.
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It should be noted thalé¢ concern obias caused bghe censored information, howevemsnot
a big issue in analyzing the effect of treatment exposures as teasedntsvereunlikely to be

associated with censoring.

Abdomen dose Pelvis dose Pituitary dose
Censored u '\/; \/\
ol t &_*
Normal
0 2000 4000 6000 8000 0 2500 5000 7500 0 1000 2000 3000
Minimum Ovarian dose Maximum Ovarian dose
Censored L L
o — ==
Normal
0 2000 4000 6000 0 2000 4000 6000 8000
Dose (cGy)

I:I Normal i POI |:| Censored

Figure2.11 Distribution of radiation dosds 0) categorized byvarian status at32

2.7.4 Chemotherapy
Research leshown that gonadotoxithemotherapgan bring ovaries damage ranging from low
(can be recovered to normal ovarian function) to seriouarfan atrophy andomplete ovarian

failure)®®. The degree ofhemotherapy nduced damage depend’s on age

Alkylating agentsare widely used for the treatment pkdiatric cancer$ these agents inhibit

cancer cell division by breaking DNA strand$erefore,they are also toxic to normakits,
particularlythosesensitive to DNA damagehich includesocyteandfollicular cellsin ovaries?

The impact of alkylating agents on ovariesbeen assessed by histolodiaaalysis3® Alkylating
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agents result in significagtlower counts of primordial folliclesomparedvith those whdhawe
not receivedchemotherapynd even thoseho received noralkylating agents$? The identified
high risk alkylating agents includgyclophosphamideBusulfan Melphalan Procarbaine, and
Ifosfamide. To estimatecumulativealkylating agent exposudes e thefCgctophpsphamide
Equivalent Dose (CEDWyas developetb allow the comparison of diffenécommon alkylating

agents®

Doxorubicin an anthracyclinga type of ati-tumor antibioticy wasused to treat a wide range of
cancers. Similar to alkylating agenthese agentsan also cause DNA doub#trand breaks
leading tothe death ofprimordial follicles®! Recent studies have suggebtloxorubicin is most

closely linked to ovarian failure among the ralkylating agentg?-3234

Cisplatinis a heavy metabasedcompoundand actsas a DNA crosdinking agent that interferes
with DNA repair mechanismgjocking cell division®® Its mechanisms of ovarian toxicity has not
been well studiebecausedmale patients treated withsplatinhave usuallyeceived it as part of
a multipledrug regimer¥? According to recent studies vilasconsidered as a moderate risk factor

for ovarian failuré>3¢

VP-16 (etoposidg atopoisomerase inhibitoynwinds during DNA replicationand break DNA
doublestrand like cisplatinTherefore VP-16is especiallytoxic tocells that aresensitive to DNA

damagesuch agjranulosa cellandoocytes®’

Table 2.4 summarizd the risk of ovarian toxicity oEhemotherapggents\{hich were available

in our data set) reported in previ®uesearch.
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Table 2.5showed the proportionof patientsthatreceivedeach type othemotherapyThe three
most usedchemotherapygents(shaded inyellow) were gclophosphamidemethotrexateand
doxorubicinreceved by2890 (36.7%) 2789 (35.4%) and2647 (33.6%)patients, respectively.
Other chemotherapyagents weremuch lessused in this study sample. For example, eight
chemotherapygentgshaded in blueyvereusedby less than 100 patienits this study sample

Table2.4 Risk of ovarian toxicity ochemotherapygentsan literature

Type Chemort]gizipﬁgent Risk Reference
BCNU (Carmustine) High risk 39
Busulfan High risk 4,22,23,40
CCNU (Lomustine) High risk 4
Chlorambucil High risk 4.22,40
Cyclophosphamide High risk 4.22,23,40
Alkylating agent®
Ifosfamide High risk 23
Melphalan High risk 22,23
Nitrogen mustard High risk 422
Procarbazine High risk 4,22,23,40
Thiotepa High risk 39
Platinum Carboplatin Intermediate risk 23
compound§ Cisplatin Intermediate risk 22,23,40
Antibiotics Bleomycin Low risk 22,23,42
Daunorubicin NA
Doxorubicin Intermediate risk 40
s | epnubior "
Idarubicin NA
Mitoxantrone NA
Antimetabolite$® Methotrexate Low risk 22,2342
VM-26 (Teniposide) NA
Epipodophyllotoxin®
VP-16 (Etoposide) Low risk 23
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Table2.5 Chemotherapynformation

Type| Chemotherappgent Not Received Received Missing Overall
n (%) n (%) n (%) n

BCNU 7214(92.1) 137(1.7) 483(6.2)

Busulfan 7290(93.1) 61(0.8) 483(6.2)
Cyclophosphamide 7288(93) 62(0.8) 484(6.2)

i Chlorambucil 7342(93.7) 16(0.2) 476(6.1)

% CCNU 4149(53) 2876(36.7) 809(10.3)
§ Ifosfamide 7005(89.4) 336(4.3) 493(6.3)

=~

= Melphalan 7272(92.8) 82 (1) 480(6.1)
NitrogenMustard 6990(89.2) 324(4.1) 520(6.6)
Procarbazine 6638(84.7) 604(7.7) 592(7.6)

Thiotepa 7328(93.5) 27(0.3) 479(6.1)

- Carboplatin 7213(92.1) 128(1.6) 493(6.3) 7834

Cis_Platinum 6874(87.7) 446(5.7) 514(6.6)

AP Bleomycin 6758(86.3) 558(7.1) 518(6.6)
gg' @ Daunorubicin 6180(78.9) 1119(14.3) 535(6.8)
£ % Doxorubicin 4508(57.5) 2635(33.6) 691(8.8)
§ g Epirubicin 7364(94) 0(0) 470(6)
% f‘% Idarubicin 7305(93.2) 58(0.7) 471(6)

< Mitoxantrone 7328(93.5) 29(0.4) 477(6.1)

AC Methotrexate 4306(55) 2778(35.5) 750(9.6)

- VM 26 7052(90) 290(3.7) 492(6.3)

VP 16 6319(80.7) 957(12.2) 558(7.1)

a) P: Platinum compounds
b) A1: Antibiotics

c) A2: Antimetabolites

d) E: Epipodophyllotoxins

20




Figure 2.1Zhowedthe density curvesf chemotherapgp g e nt s 6

d o s e sategavized y

by ovarianstatus at age 25dénsity curves for SPM were not plotted as SPM has only 23

observationgsfor chemotherapy g e ddsesThe top two rowsvereten alkylating agents, among

which, busulfan, chlorambucil, melphalaand thiotepa appeadl to be good markers thatan

separate POI anabrmal. Other alkylating agentsoweverhadsimilar distribution between POI

andnormal. Among noralkylatingchemotherapygents, the dose of mitoxantrone sedito be

a goodmarkerfor distinguishng POI and NormalDoxorubicin which was identified aslosely

linked to ovarian failurén the literaturé®, however, seeadto have similar distribution between

POl andNormal.

It should be noted that the density curf@schemotherapggents that were not widely ussaghnot

be reliably estimatedindthe plotsin Figure 2.12veremarginal analysis whictid not consider

the effect of confounders.
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Figure2.12 Distribution ofChemotherapylose £0) categorized byvarian statuat age 25

21

dos



2.7.5 BMT

Table 2.6showedthe percentagesf BMT categorized byvarian statust age 25A higher

proportion (50.4%) ofwvivorswho experiencedMT developed POtomparing to those who

did not experience BMT (6.9%3uggesting BMTwasan important risk factdior POI.

Table2.6 BMT categorizedy ovarian statuat age 2%%: row percentages)

Normal

POI

SPM

Censored

BMT n (%) n (%) n (%) n (%) Overall
No 5371 (77.6) | 475 (6.9) 22 (0.3) 1023 (14.8) 6891
Yes 113 (33.5) 170 (50.4) 0 (0) 50 (14.8) 333

Missing 484 (78.3) 58 (9.4) 1 (0.2) 67 (10.8) 610

Total 5968 (6.2 703 ©.0) 23 0.3 1140 (146) 7834

Total body irradiation TBI), one of theconditioning regimens given before bone marrow

transplantatiopwasidentifiedas an important risk factor for premature ovarian fatfure

Table 2.7showedthefrequencie®f patientswvho receivedTBI categorized by ovarian statas

age 25A higher proportion (9.4%) of survivorswho received TBIldeveloped POtompaedto

those who did not receive TBI (7.7%8uggesting BMWwasan important risk factor of POI

Table2.7 TBI categorized by ovarian status at ag€®@5row percentages)

TBI Normal POI SPM Censored overall
n (%) n (%) n (%) n (%)
Not
Received 5427 (77.1) 541 (7.7) 22 (0.3) 1049 (14.9) 7039
Received 48(30.0 95(59.9 0(0.0) 17(10.9 160
Missing 493 (77.6) 67(10.9 1(0.2) 74(11.9) 635
Total 5968 (6.2 703 @.0 23 0.3 1140 (146) 7834

22




Figure2.13showedthe density curves farBl doseqonly doses > Oategorized by ovarian status
at age 25 (density curves for SPM were not plotted as SPM has only 23 obserdisuadly,
the three curvebadsimilar distributions, althougthe peakin POl wasat aslightly higherdose

compared tahe peak ilfNormal

Censored ’—//_/—\
POl /\/_/\
Normal

0 500 1000 1500

TBI dose (cGy)
|:| Normal |:| POI I:I Censored

Figure2.13 Density curve of TBI dosé> 0) categorized by ovarian status at age 25

2.7.6 Diagnoss

Table 2.8showedthe distribution okightcancer diagngiscaegories by ovarian statas age25.
Comparedto leukemiawhich had a similar POI proportiorto the overall POl proportign
neuroblastomakidney tumors,Hodgkin lymphoma and sdit tissue sarcoméad a higher
proportionof POI, while bone cancer, CNS, ambrn-Hodgkin lymphoméahad a lower proportion

of POI.

Figure2.14 showedthe treatment patterns in different cancer diagnosisstygencerdiagnose
contaired information about treatmemeégimers, and therefore it may be usefulhtelp improve

the accuracy of predicting POI.
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Table2.8 Distribution of eight cancer diagnosis categories by ovarian status at é¢ge 2bv percentages)

Diaanose Normal POI SPM Censored overall
9 n (%) n (%) n (%) n (%)
Leukemia 1964 (6.3 234 (91 4(0.2) 370 (144) 2572
Neuroblastoma 391 61.]) 63 (9.8) 1(0.2) 185 (289) 640
Kidney tumors 593 635) 91 (9.7) 3(0.3) 247 (264) 934
Hodgkin Lymphoma 1035 (879) 118 (10.0) 1(0.2) 23 2.0 1177
Softtissue sarcoma 351 (782) 59 (136) 8 (1.8) 31 (6.9) 449
Bone cancer 685 (882) 42 (5.4) 2(0.3) 48 (6.2) 777
CNS 530 (695) 61 (8.0) 2 (0.3) 170 (223) 763
Non-Hodgkin lymphoma | 419 @0.2 35 (6.7) 2(0.4) 66 (12.6) 522
Totd 5968 (76.2 703 0.0 23(0.3) 1140 (146) 7834
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3 Analytical challenges andapproaches

This chapter addresd challengegelated to data issues includingssing data and censoring
About 19% of observationdhad one or more missing valuelgynoring them oilinappropriately
dealing with themmay lead toa biased inferenceSecion 3.1 introducel the method of multiple
imputation(MI) andthe procedurdor conductingMI. Also, this section address¢he conflict
between MI andvalidation methods to avoid \er-optimism in the evaluation of model
performanceFor censoring(i.e. some survivorsvith normal ovarian statudid not reach the age
threshold at the time they filled out the most recent survey containing MH inforiagction
3.2 employed the idea of inverse probabilityweightsand highlighéd how this method derive

unbiased inference amtdalt withthe competing risk SPM.
3.1 Multiple Imputation
3.1.1 Introduction

Typically, missing data islealt with by using he fAcompéebapal ysi so (CCA)
incomplete observations and runs analysis on the complete ones. Although this method is easy to
implement and used widely in the public health field, it uses the daficieetfly because an
observation will be excludeglvenif it hasa missing value ironly onevariable For example, in

this projectonly 6.3% of the total datvasmissing however, by using CCAglmost or in five
observationsvould be removedOther than inefficiency, CCA may lead to biased inference when

the missingness is associated with response varidifes.

To improve the inefficiency and reduce bias, Ml was proposed by Rubin if®E8Bdeveloped

in the following decade$4°. Ml refers to the procedure of replacing each missing value with
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multiple imputed vales* which can be thought ofs drawing multiple values from the
distribution of the variables given the observed dafEherefore Ml returns multiple complete

data sets, thus ensuring all the observed data are used to develop hbdsieen theoretically

proved that M| can produce valid inference in terms of unbiased parameter estimates and unbiased
variance estimates under t he .MARsSnaampissiggmessi mi s s

only depends otheobserved daté

I n contrast to MAR, fimissing not at randomo (

is, however, associated with the unoksédrvalue of this variable.

Distinguishing the missingness mechanism is at the @ocboosing an appropriatmputation
method. However, it is impossible to differentiate MAR from MNAR based on observed data

alone, because the assessment requireskmowthe value of missing data.

In practice we must use our knowledge about the study to decide whether MAR is plausible.
According to the analysis in Chap&rwe know that the missing data almost always haggbien
treatment variablethatwere abstracted from medical records. Sucdsmgresswaslikely to be
random whertheinformation was collected from different hospitals rather thegpenéhg onthe

value of these treatments. Therefave,can assumi@lAR is plausible in this study.

3.1.2 Implementatiorof Mi

When more than one vari&has missing values, we need to conduct multivariate imputation
which is more challenging compar® univariate imputation. There are two general approaches
for multivariate imputation: joint modeling (J#)and fully conditional specification (FC3)

While JM requires an assummti about a common prior multivariate distribution (often specified
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as the multivariate normal distribution) for all the variables, FCS relaxes this assumption by

specifying the imputation model for each variable.

In this project, we employed the FCSagpmh i n R p 2¥ k congdecs Muttivadate 0
Imputation by Chained Equatiaris this algorithm each variable with missing data is modeled
in turn conditional upon the other variables in thead8tippose there arpvariables that have

missing valuesindd is the number ofterations the stepsof MI can be summarized as:

Step 1: Specify an imputation model for variatdevith 'Q  pH8 M;

Step 2: For each j, fill in initial imputatios by random draws fror

Step 3: Repeat far  prB8 h

Step 4: Repeat f6© ph8 M)

Step 5: Defined oMy My MBEL  as the current complete data exadpt
Step 6: Build models on datédd s®

Step 7: Draw imputations from predictéd from models built in step 6

Step 8: End repeat |

Step 9: End repeat t

where® means the observed valuesinand® means imputed afterdth imputation.

The number of multiply imputed data sats:

Many researchers have investigated the influencenobn different aspects of resub>®
Basically, highem brings benefits in terms of smaller standard errors and more replicable results.

However, when the primary interest is only on pastimates(for examplerisk predictior) the
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highm may not be worth the time the procedure takes. In this project, wetedte 5 considering

the computation time.
3.1.3 Combining MI and neste@V

CrossValidation (CV) is an internal validation technique, which randomly divides data set into k
folds (groups) and then develops models oh foldsleaving outonefold for validation. This
procedure was repeated k timesutdize every fold as a val@tion set oncelNested CV® goes
one step further by constructing an inner C\iid folds andutilizing the remaining fold aatest

setsimilar toanexternal test set (details availableAppendix B.

An honest evaluation requirdsatthe validatiorsetbe independentf thetrainingset However,

t he Ml process wuses all the observed dat a
information from the validation seto training sés. To preventhis situationwe removedhe
observedialues of outcome variables (menstrual status and age at event) of survivors with missing
covariates in validation sefcluding inner and outer validation sets in nested CVAgpendix

E) before imputation and puhemback after the completion of imputation in validation sets.

Figure3.1 illustrated the procedure of combining CV and M.

It should be notethat every timahe validationsetswitched differentoutcome variableseed to

be removed accordinglywhich requireda new set of multiple imputatis. Therefore, ombining
multiple imputation ¢ ) and nested CV'@fold outer CV andxfold inner CV) will generate

& Q dacomplete data sets. In this studyh ‘B ¢ ‘Qwere all set to be 5, thus there were 125
data sets generated after the MI proc&kgywereall used for calculating IPCW and modeling

the risk of POI at different ages.
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Figure3.1 Procedurdor combinirg Ml and CV.
From A to B, the outcome variables of survivors with missing covariates in validation sets were
removed; from B to C, multiple imputation was conducted for both missing covariates and removed
outcome variables, from C to D, original outconagiables were put back to their positions

3.1.4 Imputation model

Il n the

~
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Imputation

Replaced imputated
with

package,

observed outcomes

var.i

ous I mputatin

For continuous variables, unconditional mean imputation, Bayesian linear regrdssan,

met

regression using bootstrap, etc. are available. For categorical variables, we can choose logistic

regression, proportional odds maogjedr polytomous logistic regressioAlso, predictive mean

matching (PMM), classification and regression trees (CABNnd random forest (RF) can be used

for both continuous and categorical variables.

Among these methods, PMM avoids implausible values (e.g. negative doses) amd take

heteroscedastic data into account more appropriately due to its algdethgn PMM identifies

a small subset of observations (typically up to 10) that have similar values to the predicted value

for the missing entry and then drawn randomly from these candid@esidesthis procedure is
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much faster than another robust fparametric algorithnRF. In this study, PMMvasemployed

to impute all the continuous and categalivariables.

3.1.5 Convergence and the iteration number

Since the imputationvas implemented using MCMGCthe iteration nhumbemMM should be large
enough to allow the imputations attainconvergenceAppendix Fassessed the convergence of
imputation process.t lturns out thatconvergencewas attained whenteration number 10.

Therefore, the iteration M in this studsasset to be 10.

3.1.6 Postprocessig

In this project, age at eventawmissing in 38 subjects. The missing age at event relates to two
ovarian stats 6 |: SRMandSESPM Based orthe definition, age aNSPMshould fall in the

interval between (age at diagnosis + 5) and 40 (not included)age a®PMshould be between

age at diagnosis and 40. To ensure the imputed ages at the event are within reasonable ranges,
Apepsrtocesso functions pr owere dmpldyedi This méthed amlyi c e 6

affecedthe synthetic values anelft the observed data untouched.

The value of some variables imgiithe value of another variable. For example, if the dose of the
irradiation to a certain body regidar a chemotherapygent) is positive, the variable indicey

patients received this irradiation (or ttleemotherapg g e nt ) s h @athkerdisel ghoufdY e s

be ANo0O. For these situations, doses were i mg

were assigned accordingly after dose imputation.
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3.1.7 Resuls

All the missing values were successfully impuitegl, 5 imputation values for each missing data

were generatedecause there were 2fferent validation sets total of 125complete data sets

were obtained.

Figure3.2 andFigure 3.3showedthe smoothed density estimation of original and imputed data

for irradiation doses arthemotherapg g e nt s 6 d o s ey only sheavpdehe pasiwe | vy .
dosesand thosavith lessthan 20 positive doses wearmitted Theimputeddata anadbservediata
hadsimilar distributiors.

Table 3.1summaried the numbers and percentages of missing and positive values for the
irradiation doses anchemotherappgent sé doses in the observed

The imputed data lesimilar percentages of positive value with the observed data.
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Figure3.2 Kernel density estimates for the distributions ofrdudiation doses
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Table 3.1 Summary offrequences and proportionsof missing value andion-zerovalue in continuous

variables
Frequencyf | Proportionof | Frequencyf | Proportionof
Vel Freq_ue_ncy Missin_g non-zero p_ositive value positivg non-zero
of missing | proportion values in in observed values in value in
observed datd data imputed data| imputed data

Age at event 38 0.5% 7853 100.0% 38 100.0%
Pituitary RT dose 675 8.6% 3469 48.1% 319 49.9%
O"ar({nfg dose | 709 9.0% 3448 48.0% 363 53.9%
Ovary RT dose 715 9.1% 3442 48.0% 333 47.0%

(max)

TBI dose 644 8.2% 163 2.2% 22 3.7%
Abdomen RT dose 649 8.2% 3509 48.5% 306 46.2%
Pelvis RT dose 648 8.2% 3510 48.5% 306 48.1%
BCNU 491 6.2% 137 1.9% 9 3.3%
Busulfan 491 6.2% 61 0.8% 7 1.2%
CCNU 492 6.2% 63 0.9% 4 1.0%
Chlorambucil 484 6.1% 16 0.2% 1 0.2%
Cyclophosphamidg 820 10.4% 2899 41.0% 369 46.6%
Ifosfamide 502 6.4% 338 4.6% 22 3.4%
Melphalan 488 6.2% 82 1.1% 7 2.5%
NitrogenMustard 530 6.7% 324 4.4% 32 6.6%
Procarbazine 603 7.6% 605 8.3% 111 16.4%
Thiotepa 487 6.2% 28 0.4% 8 2.1%
Carboplatin 501 6.3% 131 1.8% 12 2.4%
Cis-platinum 522 6.6% 452 6.1% 42 6.9%
Bleomycin 526 6.7% 561 7.6% 42 9.9%
Daunorubicin 543 6.9% 1128 15.4% 86 17.9%
Doxorubicin 700 8.9% 2654 36.9% 288 42.6%
Idarubicin 479 6.1% 58 0.8% 2 0.6%
Methotrexate 761 9.6% 2796 39.2% 283 35.6%
Mitoxantrone 485 6.1% 29 0.4% 3 0.4%
VM 26 500 6.3% 292 4.0% 27 4.0%

VP 16 568 7.2% 968 13.2% 82 15.5%
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3.2 Inverse Probability Censoring Weights

3.2.1 Introduction

Censored observation is a Kewture of the time to event data. The modeling of time to event data

is often through accelerated failure time (AFT) medslich as Weibull, lognormal, loglogistic,

etc), and semparametric modsl(Cox PH). The Cox PH model is the most popular method
because it can incorporate multiple variables and does not depend on the distributional assumptions
of the time variable required by the AFT models. However, Cox Rypisally used to establish

the relationship between risk factors and time to evenérdkian to predict risk. In addition, it

requires the proportional hazards assumption which may not hold in pr&@tice.

An alternative way to deal witthe censoring problem is employing the idea of inverse probability
of censoring weighting (IPCW) proposed by Robins et al in the 1990sing this method, we
can takecensoringnto account by weighting observedtcomesThen theageto eventproblem

can bereframed to groblemwith the binaryoutcome without losing the information of censored
datga enabing the use of various classification algorithms,hsas logistic regression and many
popular machine learning algorithi¥fsThe principle of IPCW has been well establisiedhe

process of deriving IPCW for this studsas describedh thefollowing section

3.2.2 Derivation

The goal of this study is to estimate the probability of POI fenzale childhood cancer survivor
before a cubff agew . Fora female childhood cancer surviweith covariatesx (a realizationof
potential predictors), let random variabl® be thePOIl ageand random variablé be the

censoring age
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Define the observed age at evént @& "Q® M9 , censoring indicatgr "0 6 , and
censoring statuis  at cutoff agew :

ph Q@ ® QI PpEID
[ 8

~

mh QD W Qf 11
i p p represents thaevarian status is knowat agel ,i Tirepresents thevarian status

is censored at age .

The probability of POI before can be expressed as:

006 OB Q h—,

where'Q ¢h— is the model for estimating the probability of POl before ége—are from
par amet e® §d pammpeairic model®.g., generalized linear regression modelsggre
parameters, for neparametric models (e.g. trased methods)-indicate howthe ®space is
segmented.

Solving this problem equals finding optimal—and it can be obtained by solving the following

minimization problem:
iNEéi /bQ & h—hwo

wherein N is the number of observatioasis the event outcomequalstg 6 @ and/bt is

an optimization function, for exampler logistic regressions
/b Q ah—ho wa ¢ @ dh— P WaEW® Q dh— .
Due to censoring, weannotobserve all the event outcomes, and if we ignore the unobserved data,

the minimization problem will become:
(EE b0 ahfo 8
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This optimization problem leads tonaisspecified—and a model that can not be generalized to
new data. To solve this problem, we can modify the above equation using the idea of inverse
probability weighting,i.e., adding the probability of remaining uncensoredwatfor each

uncensored observation:

i ef "m0 ahio R

v 0 0i g

According to the definition of 7,0 i { can be expressed as:

~ ~

06 VM h QO o p
06 WHh QOB &
This modified optimization problem can give us a consistent soluticr-for

Proof:

ik . Oh ® Oh ®1
0

OFr ¥ O FE oo 75 omm ¥ P

Here, we use the information frorthe entire sample to estit@0 6 @ and

06 OHM .Toestimatd &6 OIMD whered is not fully observedwe rely on an

important assumption thdhe censoring processA and event processA _are independent

conditional on covariatesd;. Unde this assumptiod ¢ @OUR  isequaltdd 6 O ,
enabling ugo useobserved covariatds build an estimator t for0 i f . Then the estimated

IPCW can be written as:

(I O o1 Oh
i g NOIAR: ! ROIAR: !

If the censoring process does not depend on any covariates, thexan be estimated bipne

KaplanMeier method. On the other handthf censoring process depends on any covaréates
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then the t can be estimated by a covariafeecific survival model including Cox PH models,

AFT models, and random survival forest models.

3.2.3 Competing risk

Another challengen this studyis the presence of competing risks, i.e. SPM. Once a female
experiencd SPM, shevasnot at risk ofPOI. Therefore, we cannot treat them as censoring. To
solve this problem, we modified the IPCW formblaadding &0l indicatom) in the first term

andcounting SPM asncensoring when estimatingt :

=|=
1

I= &

Therefore, m the denominator SPM wasnot treated asensoring so theydid not increase the
weights to the remaining survivoi®n the other handjueto theexistenceof POI indicatom in
the first termtheweightsfor survivors with SPM ovarian statugere assigned as zeroe., SPM
did not count asan eventlike POL In summary, lhe IPCW for different status and age at

events/censoringeresummarized ifmable 3.2

Table3.2 Assignment of IPCW

8 ovarian statuls censorir]lg indicatol PO irrlldicator I 6
Normal 0 0 0
& POI 1 1 pT 8
SPM 1 0 0
Normal 0 0 pT_®
o POI 1 0 pT_
SPM 1 0 pr_®
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3.2.4 Results

Random survival forest modalere fitted forestimaing' t . The variables and their importance

in the survival modelere presentedn Figure 3.4 Age at diagnosis(fiage_dx) was the most

important predictor for estimatifig t .

Figure 3.5showedthe distribution oestimatedPCW whenthe age thresholéhcreasedrom 21
to 39 Asthe proportion of censoring increased wviltle ag threshold individualswereassigned
higher IPCW and more patientgere weighted to be 0Oi.e., censored). The highest IPCWas

close to B at the largest age threshati39.
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Pitdose

Diagnose -
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Nitrogen_Mustard 4
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Chlorambucil 4
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Figure3.4 Variable importance in the random survival forest mdodetensoring
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4 Model development and evaluation

This chaptefocused ormodel development and evaluati@ection4.1 specifiedthe outcomes
andcandidatepredictorsfor model developmen&ection4.2 introducedthe threealgorithmsfor
model developmerdndsection4.3 highlightedthe procedureof evaluathg model performance.

Sectiors 4.4and4.5 presentedhe result@nddiscussios.

4.1 Outcomes and predictors

To predictthe risk of develping POlby agethresholdranging from21to 39, the outcomes were
defined as whethest female CCIlevel oped POI b y 39aagcerdingly The 2 2,
proportions of componentsf outcomesby the nineteen differerage thresholdsvere listed in
Table4.1. As theagethresholdncreasedrom 21 to39, theproportionof subjects wittcen®red

ovarian status increased significantly frém% to 60.1%.

The candidatepredictors included raceancerdiagnosistype, age at diagnosisadiation dose,
chemotherapygentsand BMT. Race andtancerdiagnosistype werecategorical variableg-or

the ten alkylating agentsand ther derived cumulative doseCED, the information would be
redundant ifincluded all of themn onemodel. Thereforetwo sets ofvariableswere prepared
separately; each of them considee@tier ten individual alkylating agents or CEDsummary of

the candidatepredictorswaslisted inTable4.2.
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Table4.1 Ovarian status distributioat differentagethresholds

Outcomes (%)

Cutoff age Censoed Sample size
el Normal POI SPM e L
21 6809(86.4) 607(7.7) 13(0.2) 416(5.3) 7883
22 6605(83.8) 639(8.1) 16(0.2) 582(7.4) 7880
23 6417(81.5) 658(8.4) 18(0.2) 747(9.5) 7878
24 6208(78.8) 680(8.6) 19(0.2) 931(11.8) 7876
25 5968(75.8) 703(8.9) 23(0.3) 1140(14.5) 7872
26 5707(72.6) 718(9.1) 28(0.4) 1374(17.5) 7865
27 5475(69.7) 727(9.3) 40(0.5) 1575(20.1) 7855
28 5201(66.3) 736(9.4) 47(0.6) 1824(23.2) 7846
29 4925(62.8) 748(9.5) 60(0.8) 2072(26.4) 7843
30 4617(58.9) 756(9.7) 72(0.9) 2350(30) 7833
31 4296(54.9) 782(10) 91(1.2) 2619(33.5) 7826
32 3987(51) 793(10.1) 111(1.4) 2891(37) 7820
33 3667(46.9) 813(10.4) 135(1.7) 3162(40.5) 7815
34 3372(43.2) 829(10.6) 148(1.9) 3422(43.8) 7809
35 3034(38.9) 841(10.8) 173(2.2) 3716(47.6) 7802
36 2715(34.9) 864(11.1) 197(2.5) 3975(51) 7789
37 2424(31.1) 878(11.3) 220(2.8) 4223(54.3) 7783
38 2127(27.4) 888(11.4) 234(3) 4488(57.7) 7775
39 1894(24.4) 905(11.7) 258(3.3) 4668(60.1) 7763
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Table4.2 Candidate pedictors considered during model development

Typeof variables

Candidate predictsrsettingl

Candidate predictsrsetting2

Race(3 levels)
white(reference), black, and other

Race(3 levels)
white(reference), black, and other

diagnosiy8 levels)
leukemia(reference),

central nervous system cancers,
neuroblastoma,

diagnosig(8 levels)
leukemia(reference),

central nervous system cancers,
neuroblastoma,

Categorical non-Hodgkin lymphoma, nonHodgkin lymphoma,
Hodgkin lymphoma, Hodgkin lymphoma,
kidney cancer, kidney cancer,
bone tumors, bone tumors,
softtissue sarcoma softtissue sarcoma
BMT (Yes/No) BMT (Yes/No)
_ total body irradiation dose total body irradiation dose
Continuous:
Irradiation dose minimum ovary radiation dose minimum ovary radiation dose
(Gy) . - . o
radiation dose to pituitary radiation dose to pituitary
BCNU Busulfan
] CCNU Chlorambucil
Continuous:
Al kyl at CED Cyclophosphamid Ifosfamide
doses (g/f) :
Melphalan Nitrogen Mustard
Procarbazine Thiotepa
Carboplatin Carboplatin
Cis_Platinum Cis_Platinum
Bleomycin Bleomycin
Daunorubicin Daunorubicin
Continuous: Doxorubicin Doxorubicin
Other
chemotherapy Epirubicin Epirubicin
agent so — —
(9/nP) Idarubicin Idarubicin
Methotrexate Methotrexate

Mitoxantrone

Mitoxantrone

VM 26

VM 26

VP 16

VP 16
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4.2 Algorithms for model development

Two machine learninglgorithms ElasticNet panelizecagespecific logistic regressiGh (EN-
ALR) and XGBoosfP*were usedd mapping predictors to outcomédetails about the algorithms
wereavailable inAppendixGQ. T he t hi r d nsa mp bveragedtha prédieted riskem
theprevious two

The candidate predictorélable G.lin Appendix G in EN-ALR and XGBoostwere the same
exceptfor somerarely usechemotlerapy agenté.e. lusulfan, CCNUg¢chlorambucil,melphalan,
thiotepa, idarubicin, and mitoxantrgn&hesesevenchemotherapy agentgere codeds binary
Yes/No in ENALR but wereretaned as continuous variables in XGBoost as the algorithm

automaticallychoose the sphpointto maximize the information gain

Both ENALR and XGBoostelect predictorautomaticallythroughtuning hyperparameteras
a resultonce thenyperparametsrare selectedhe modeis fixed accordingly Therefore tuning
hyperparameters a key stepthat decidesthe performance othe final model.In this study,|
employed the ir and o m ® sEpmackcth dune hyperparameters in a prespecified

hyperparameter spa¢&ppendix Q.

4.3 Procedures for model evaluation

Typically, model evaluatiomnd hyperparameter tunniage conducteth the same CVprocess
However this evaluatiorproceduremay be overoptimisticabout the model performance because
the hyperparametetsinedin the training setwere chosenbased on thenodel performancean
validation setsTo adlress this issué,employeda nested CMo evaluate theerformance of the

modeling proceduterl he rationality of nested C\Mwvasthat it construced two layers ofCV: the
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innerCV was usedor tunninghyperparametemndtheouterCV was servedor evaluathg model

performancgAppendix B.

In summary | used aclassicalCV to obtain the optimal hyperparameters @andested CV to
evaluate the performaned the modeling procedure (rathelnan the final model)The whole

modelingprocessvasillustrated ina schematic diagrant{gure 4.).

2
Raw Data| Define [= Multiple Assign s
with | age atevent % Imputation IPCW <
missini »| — | Raw Data - > o
value i?] : Complete Complete |2
predictors & Data Data B
(n=7,891) (n=7,891) |2
@
8
Y =
8]
s o
EN-ALR [ K XGBoost
Nested CV (5 outer folds, 5 inner folds) / Nested CV (5 outer folds, 5 inner folds)

5-fold classical CV 5-fold classical CV

same hyper-parameter space same hyper-parameter space
Validatated same tuning method Predicted Predicted same tuning method Validatated
Performance |~~~ ~ ~ T T T T Risks Risks |~~~ — 7 Performance
average predicted risks
in5 ouliy

Average i
Predicted p‘éﬂfﬂfﬁfe
Risks

Ensemble

Figure4.1 Schematic diagram of the modeling procedorgenerate predicted risks

It should be noted that combining MI and nestedgéWerated 125 different data sestsseChapter
3.1.3; thereforefor eachhyperparameter settinthere were 125 models developed to predict the
risk of POI, and the average of the 125 predicted nisk®ne subjectvas used asher final

predicted risk.
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The performance matrices used in this research includes areler the receiver operating
charactestic curves (AUC) andveragepositive predictive valu€AP) for measuring the ability
of discriminatory and prospective predictiGtaled Brier ScoresBrS was used to descritibe

overall model performance

In addition,calibration curves that comped cumulative weighted predicted riskhdcumulative

weightedevents were used to visually inspect the calibration of models.

4.4 Results
The results from nested CV shegthat the performance ofiodels with ten individual alkylating
agentswas superiorto the modelswith CED (Appendix H. Therefore,the models withten

individual alkylating agents will be used apiksentedn theremainingsections in thighapter

4.4.1 Predictors

Figure 4.2illustrated the predictors selected BN-ALR and XGBoostwhenthe age threshold
was24 and 29, respectively. The boxplots in the left panel sdtive coefficients of each variable
in the125 EN-ALR modek and the boxplots in the right panel stemlthe variable importance in
the 125 XGBoost moded. If a variable was not selecteay any of the125 models the
corresponding boxplot was absent. For example, rarely okethotherapyagents such as
busulfan, CCNU,chlorambucil, melphalan,thiotepa, idarubicin, and mitoxantrone were not
selectetby XGBoost. Therefore, no boxploigere available fothese predictors the right panel
The width of a boxplot refleet the variation in coefficients or variable importance of the

corresponding predict@cross the 125 data sets
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The frequencies of the predictors selected by the 125 models as well as their range oferalues
shown inTable 4.3andTable 4.4for ages 24 and 29, respectivefar bettervisualization ofthe
coefficients of radiotherapy amtiemotherapythe unit of irradiation dosegasset to be Gy, and

the unit ofchemotherappgent dosewasset to be g/r

Based on results from the XGBoost algorithm (right panelBigure 4.2, minimum ovarian
radiation dose and BMWwerethe top twaisk predictors irestimatinghe risk of POI bypoth ages
24 and 29. These two predictdradpositive coefficientsi EN-ALN models, indicating patients
treated with BMTandwhoreceived higher minimum ovarian radiation dosereat a greater risk

of developing PQl

The contributions of wenty chemotherapy agents includitige ten alkylating agentsvere
examined individually. €clophosphamideprocarbazinemethotrexateand VP 16 werehosen
by both algorithmsindicating theywereimportant variables for predicting Pleomycinwas
alsoidentified in algorithms for predicting POI by age 24. Howeviehall a negative adjusted
coefficient, indicating higher doses ofebmycin were associated with reduced P@sk after

adjusting for other variables.

Interms ofracefl Bl ac k 06 ahadp ofs@tth esredo coef fi ci ents compar

the twogroups haahigherriskof devel opi ng POl than AWhiteo.

As for the cancer types, the results in-BNR showedthat while patients witlCNS cancerand
kidney tumordhadhigher risks than patients with leukemia, patients diagnosecantiodgkin

lymphomaand bone cancédradlower risksthan patients with leukemia.
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EN-ALR model

XGBoost model

Age: 24

Age: 24

Race: Black

Race: Other

Age_dx A

Cancer: CNS 4

Cancer: HD +

Cancer: HNL 1

Cancer: Kidney (Wilms) -
Cancer: Neuroblastoma
Cancer: Soft tissue sarcoma 4
Cancer: Bone cancer

BMT (yes)

Radiation: TBI dose -
Radiation: Pituitary dose 4
Radiation: Minovary dose
BCNU 1

Cyclophosphamide -
Ifosfamide 5
Nitrogen_Mustard 4
Procarbazine 4

Carboplatin q

Cis_Platinum -

Bleomycin

Daunorubicin 4

Doxorubicin 4

Methotrexate -

VM_26 1

VP_16 1

Busulfan (yes in EN-ALR) 4
CCNU (yes in EN-ALR) A
Chlorambucil (yes in EN-ALR) 4
Melphalan (yes in EN-ALR)
Thiotepa (yes in EN-ALR) A
Idarubicin (yes in EN-ALR) 1
Mitoxantrone (yes in EN-ALR)
Interaction: BMT & Age_dx -
Interaction: Minovary & Age_dx 1

Not Appliable

Age: 29

Race: Black -

Race: Other

Age_dx1

Cancer: CNS 1

Cancer: HD 1

Cancer: HNL 4

Cancer: Kidney (Wilms) q
Cancer: Neuroblastoma -
Cancer: Soft tissue sarcoma -
Cancer: Bone cancer 1

BMT (yes)

Radiation: TBI dose
Radiation: Pituitary dose -
Radiation: Minovary dose -
BCNU 1

Cyclophosphamide 4
Ifosfamide
Nitrogen_Mustard 1
Procarbazine q

Carboplatin §

Cis_Platinum 4

Bleomycin 4

Daunorubicin q

Doxorubicin -

Methotrexate 4

VM_26 1

VP_16

Busulfan (yes in EN-ALR) A
CCNU (yes in EN-ALR) A
Chlorambucil (yes in EN-ALR) 1
Melphalan (yes in EN-ALR) 1
Thiotepa (yes in EN-ALR) 1
Idarubicin (yes in EN-ALR) 4
Mitoxantrone (yes in EN-ALR)
Interaction: BMT & Age_dx
Interaction: Minovary & Age_dx 1

—-
—I—
—I—
—1—
{D_
‘EDi

Not Appliable

0.0 0.5 1.0
Coefficients

0.5

0.0 0.2 0.4
Variable Importance

Figure4.2 Predictors in the two algorithms
Left: coeficients in ENALR; Right: variable importance in XGBoost
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Table 4.3 Coefficients in ENALR and Variable importance in XGBooat Age 24 Proportion indicates
therates of eackariable seletedby algorithmsn the 125 data setRT: radiotherapy; INT: interaction

Age 24 EN-ALR coefficients XGBoost variable importance
Variables Pro(p;z)rtlon Median[min, max] PI’O([Z;/(;)I’IIOH Median[min, max]
Race Black 61.6 0.016[0.001,0.077] 64.0 0.002[<0.001,0.004]
Other 100.0 0.063[0.018,0.123] 100.0 0.004[0.003,0.007]
Age Age at diagnosis 100.0|  -0.004[-0.004;0.002] 100.0 0.061[0.047,0.079]
§ CNS 99.2 0.046[0.005,0.072] 100.0 0.009[0.007,0.014]
% HD 0 NA 42.6 <0.001[<0.0010.003]
2 HNL 100.0 -0.052[-0.08;0.028] 8.8 0.001[0.001,0.001]
gc’ Kidney (Wilms) 96.8 0.033[0.004,0.068] 56.0 <0.001[<0.001,0.003]
§ Neuroblastoms 0 NA 84.8 0.001[<0.0010.003]
S Soft tissue sarcom 0 NA 0 NA
© Bone cancel 100.0 -0.107[-0.141;0.087] 72.8 0.001[<0.0010.002]
BMT BMT (yes) 100.0 0.806[0.729,0.874] 100.0 0.133[0.113,0.17]
TBI dose 100.0 0.021[0.008,0.033] 86.4 0.004[0,0.031]
RT Pituitary dose] 0.8| <0.0QL[<0.00L, <0.001] 100.0 0.033[0.02,0.052]
(GY) | (min)ovaiandose 100.0 0.075[0.069,0.079] 100.0 0.588[0.561,0.618]
BCNU 1.6 -0.078[-0.118;0.039] 0 NA
Cyclophosphamidg 99.2 0.003[<0.001,0008] 100.0 0.066[0.052,0.087]
Ifosfamide 2.4| <0.0QL[<0.00L, <0.001] 34.4 <0.001[<0.001,0.001]
Nitrogen Mustard 0 NA 0.8| <0.001[<0.001 <0.007
Procarbazing 89.6 0.006[<0.001,0.02] 100.0 0.009[0.003,0.015]
Carboplatin 94.4 0.024[<0.001,0.064] 0 NA
% Cis_Platinum 1.6 0.027[0.013,0.041] 11.2 <0.001[<0.001,0.002]
%’ Bleomycin 94.4| -0.338[-0.805;0.002] 92.8 0.001[0,0.005]
é Daunorubicin 0 NA 100.0 0.017[0.011,0.023]
2 Doxorubicin 0 NA 100.0 0.029[0.02,0.04]
S Methotrexate 99.2| <0.00L[-0.001<0.00] 100.0 0.022[0.013,0.035]
Z VM_26 5.6| -0.001[-0.006<0.00] 0 NA
EE) VP_16 5.6 0.001[<0.001,0.006] 100.0 0.015[0.007,0.024]
o Busulfan 100.0 1.097[0.945,1.225] 0 NA
CCNU 100.0 0.331[0.117,0.484] 0 NA
Chlorambucil 23.2 0.136[0,0.242] 0 NA
Melphalan 100.0 0.525[0.422,0.707] 0 NA
Thiotepa 100.0 0.949[0.66,1.125] 0 NA
Idarubicin 100.0 0.472[0.238,0.696] 0 NA
Mitoxantrone 26.4 0.034[0.001,0.183] 0 NA
R BMT & 100.0 0.055[0.048,0.06] NA NA
INT ge qt diagnosig
Age'\g't”gi‘;zg’oi‘is 100.0 0.002[0.002,0.003] NA NA
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Table 4.4 Coefficients in ENALR and Variable importance in XGBoaoat Age 29 Proportion indicate
the percentages of each variable was selected in the 125 daRilsetliotherapy; INT: interaction

Age 24 EN-ALR coefficients XGBoost variable importance
Variables Pro(p;z)rtlon Median[min, max] PI’O([Z;/(;)I’IIOH Median[min, max]
Race Black 100.00 0.072 [0.012,0.144] 100.0 0.003 [<0.001,0.006
Other 100.00 0.135 [0.082,0.188| 100.0 0.006 [0.004,0.009
Age Age at diagnosis 100.00 -0.009 [0.01;0.007] 100.0 0.086 [0.069,0.104
§ CNS 100.00 0.065[0.012,0.098] 100.0 0.009 [0.006,0.012
2 HD 0 NA 95.2 0.001[<0.0010.004]
2 HNL 100.00 -0.06[-0.1-0.033] 100.0 <0.001 [<0.001).002]
g Kidney (Wilms) 66.40 0.015[0.001,0.049] 99.2 0.001[<0.0010.004]
g Neuroblastomg 84.80 0.016[<0.0010.056] 95.2 <0.001 [<0.001).002]
= Soft tissue sarcom 0 NA 2.4 <0.001 [<0.00%0.001]
© Bone cancel  100.00 -0.15[-0.188;0.125] 100.0 0.002[<0.0010.005]
BT BMT (yes) 100.00 0.939[0.853,1.054] 100.0 0.121[0.106,0.15]
TBI dose 100.00 0.028[0.015,0.04] 91.2 0.005 [<0.001,0.023
RT Pituitary dose| 18.40| <0.001 [<0.001,0.001 100.0 0.05 [0.037,0.065
(Gy) Minovary dose 100.00 0.073[0.067,0.077] 100.0 0.534 [0.513,0.555
BCNU 5.60| -0.021[-0.154<0.001] 0 NA
Cyclophosphamid¢ ~ 100.00 0.004[0.001,0.009] 100.0 0.062[0.045,0.077]
Ifosfamide 12.80| <0.001 [<0.001.001] 68.0 <0.001 [<0.001).001]
Nitrogen Mustard 0 NA 40.8 0.001[<0.0010.002]
Procarbazing 97.60 0.011[0.001,0.023] 100.0 0.011[0.006,0.017]
Carboplatin 99.20 0.052[0.002,0.104] 0 NA
< Cis_Platinum 2.40 0.039[0.017,0.074] 12.8 0.001[<0.0010.003]
2 Bleomycin 41.60| -0.166[-0.431;0.009] 93.6 0.001[<0.0010.004]
§ Daunorubicin 10.40| -0.031[-0.071<0.001] 100.0 0.023[0.017,0.031]
> Doxorubicin 0 NA 100.0 0.029[0.02,0.038]
S Methotrexate] ~ 100.00| -0.001[-0.001<0.001] 100.0 0.03[0.02,0.041]
= VM_26 0 NA 55.2 0.001[<0.0010.002]
EE) VP_16 96.00 0.008[<0.0010.023] 100.0 0.021[0.013,0.033]
© Busulfan 100.00 1.121[0.904,1.275] 0 NA
CCNU 100.00 0.257[0.001,0.531] 0 NA
Chlorambucil 98.40 0.433[0.029,0.669] 0 NA
Melphalan 100.00 0.498[0.33,0.658] 0 NA
Thiotepa 100.00 1.116[0.645,1.3] 0 NA
Idarubicin 100.00 0.69[0.386,0.957] 0 NA
Mitoxantrone 66.40 0.061[0.001,0.273] 0 NA
R BMT & | 160,00 0.043[0.037,0.05] NA NA
INT ge qt diagnosig
Age'\g't”gi‘;ag%’oi‘is 100.00 0.002[0.002,0.003] NA NA
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4.4.2 Model Performance

The nested CV evaluated AUC, AP, and sBxSthe three algorithma&ereshown inTable 4.5

The point estimates of AU@ngedfrom 0.776 to 0.795 in the models for age 24 and from 0.771
to 0.791 in the models for age 29. The rAgedfrom 0.464 to 0.480 in the models for age 24
andfrom 0.473 to 0.495 in the models for age 29. The s@rgedfrom 0.23 t0 0.264in the

models for age 24 and froth230 to 0.0.29 in the models for age 29.

Table4.5 Nested CV evaluated performance at 2¢gend 29

Age: 24 Age: 29
Performance
Point Estimate 95% CI? Point Estimate 95% CI?

EN-ALR 0.776 (0.754, 0.798) 0.771 (0.750,0.79)

é) XGBoost 0.780 (0.770,0.811) 0.787 (0.767,0.807)

Ensemble 0.7% (0.775, 0.817) 0.791 (0.771,0.811)

EN-ALR 0.464 (0.426, 0.507) 0.47 (0.433,0.515

% XGBoost 0.470 (0.428, 0.512) 0.482 (0.437.0.522

Ensemble 0.480 (0.44Q 0.522) 0.4% (0.4%4,0.53)

EN-ALR 0.238 (0.209, 0.266) 0.230 (0.20Q 0.2%8)

% XGBoost 0.262 (0.226,0.2%) 0.255 (0.216,0.288)
Ensemble 0.264 (0.233, 0.294) 0.259 (0.226, 0.289)

Event rate 0.089 (0.083,0.099 0.105 (0.09,0.112

a:9%5%Clwascal cul ated by the ABootstrapo met hod.

XGBoost and Ensemble provided comparable values of AUC, AP, sBrS warealways higher
than that of ENALR regardless of age. Between XGBoost and Ensemble, Ensemble pdesent
slightly better performance. This pattern remained the same across diffgesrit@m 21 to 39

(shown inFigure 4.3. Overall, theEnsemble algorithrachieved the best performance among the
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three algorithms at different ages:AtgdCs were around 0.8 (ranged from 0.785 at age 31 to 0.801
at age 34), AP increased frddm69at age 21 to 0.595 at age 39 as event rates increased (from

0.0 at age 21 to 0.173 at age 39), and sBrS ranged from 0.259 at age 29 to 0.292 at age 37.
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L EN-ALR X XGBoost E Ensemble

® AUC @ AP @ sBrS Event Rate

Figure4.3 AUC, AP, sBrSatages from 21 to 39

Figure 4.4showedthe calibration curves for the thregaiithmsattheage threshold frorage 21
to 39.The calibration curvebefore age 28 folloed the diagonal linavell, indicatingthat the
predicted riskhadgood alignment with the observed events. However, after aglee2@libration
curves started to deviate from the diagonal line. Sedewstiors were presented after age 30,

suggesting that the models were not well calibr&tedgesover 30.
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Cumulative cases (Predicted)

Calibration curves

Age: 21 Age: 22 Age: 23 Age: 24
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Figure4.4 Calibration curves fronEN-ALR, XGBoost, and Ensemble for difient ages

52



4.4.3 Predicted risks

As the Ensemble algorithm achieved the wadidated performance, it was used to predict the risk
of agespecific POI in thenvhole data set. It should be noted that the final predicted risks for
individuals were obtained by averaging the predicted risks fn@h25 work data sets.

Based on the gigestions fronendocrinologistandpediatric oncologis, the pedicted risksvere

stratifiedinto four categories<5%, 5% to <20% 20% to<50% and({ 50%, representing low,

mediumlow, medium, and highisk groups, respectivelyTable 4.6(all the numbers were
weighted with IPCW weights) illustradenow the Ensemble algorithm categorized survivors into

four categories.

Specifically,at age 243495 (44.9%) of 7786 participants were estimated to be at low riSR (
[1.5%] developedPOl), wherea®90 (3.7%) individualswere estimatedo beat high risk (231
[79.76] developedPOl). At age 29, 142318.9%) of 7533 participants were estimated to ae

low risk (11[0.8%] developedPOl), wherea841(4.5%) individualswere estimated to ke high

risk (280 [82.1%] developedPOIl). The results suggest that the Ensemble algorithm can
successfully distinguish between survivors withHesk and high risk.

Table4.6. POI categories and prevalence for each cohort as predicted by the Ensemble algorithm
(%: row percentage)

Predicted Age 24 Age 29
Risk Survivors POI (%) Survivors POI (%)
<5% 3495 51 (1.5%) 1423 11 (0.8%)
5% to <20% 3770 277 (7.4%) 5474 370 (6.8%)
20% to < 50% 330 150 (44.5%) 294 139 (47.3%)
50% 290 231 (79.6%) 341 280 (82.1%)
Total 7786 709 (9.1%) 7533 800 (10.6%)
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4.5 Discussion

In line with the established risk factors the literature, He resultsfrom both EN-ALR and
XGBoost showed thatBMT, minimum ovarian radiation doseyclophosphamide dosand
procarbazine doseereassociatd with the risk ofdeveloping POIEN-ALR alsoidentified the
age at diagnosias an effect modifier of BMvhich was consistent witthe findings of Clark
(2020%. Besides both algorithmddentified race black and other might havea higher risk of
developing POthanwhite, which has not been well recognizedprevious researciherefore
although the predictors weagitomaticallyselected, theynaygive some insighinto investigating
the risk factors ofleveloping POIHowever, it should be noted that these predictors were
chosenbecause they can improve prediction accuracy, which, hower, does not imply that

they cause POI.To conclude a causal relationship, a different research path is needed.

This research carefully designed grecedure of model evaluati®do avoid the issue of overfitting
andoveroptimism The nested CV results @ved AUC could reach as high as OiBdicatel that
the models could wedliscriminate the subjects with P@bm those without POIThe APresults
were muchhigherthanthe population event ratedicating a strong predictive power for detecting
POI. The results of calibration curves sheshva good alignment between predicted risks and
observed eventwhen the agé¢hresholdwas less than 28ndicatingthatthe modelscould well

predictthe probailitiesof developing PO&t a younger age.

The calibration results showed tHahg-term risk prediction can be challenging. One possible
reason is that a large proportion of censoring is presented at an oldénatier reasomight

be thatwhen theagethresholdwas farther away from the age at diagnosis, the effects of the
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environment or t hehaseometd plagin thheédevelopmensaf BAI, whicma y

wasnot considered in this research.

As for the application of the final modelfemale survivors can be stratiéd into four risk
categoriesaccording to estimated riskproviding useful information fothemand clinicians to
discuss their neefdr fertility preservationFurthermoreThe developed algorithm can beafted
into a useifriendly clinical tool Appendix |presentedwo exampls of using the tool to predict

the risks of developing PQ@i different ages for patients.
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5 Conclusions

This research aimed tevelop accurate prognostic models for predicting absolute fosken
individual childhood cancer survivor developing POI by prespecified ages.problem of
missing data, censoring, and overfittingsearefully addressed hevalidatednodelperformance
confirmed that the developed models cadliscriminate well betweenthose survivors who
developed PO&nd thosesurvivors who dichot, andthe models can provideaccurate absolute
estimated riskof developing PObefore age 28

In this chapterl summarized theontributionsof thisthesis(section5.1), discussed the limitatien

(section5.2), and made recommendationsfature work(section5.3).

5.1 Summary

In Chapter 2the data from CCSS was cleaned arglored A new variableage at eventwas
derivedbased on ovarian status apither menstrual history informatioo ensurehe accuracy
of the outcomevariable | discussedhe algorithm forderiving it extensivelywith a pediatric

endocrinologist

The problem of missing data waddresseth Chapter Iy employingmultiple imputation The
detailsof imputationincluding imputation model selection, iteration number determination, and
postprocessing weredescribed Furthermore, special consideratiamas given to how to
implementmultiple imputationand model performance evaluation properly together so that the

informationin validation setgidn ot o6l eaké to the training sets.

Chapter 3 also addressed the problem of censoring by assigning individualsimwinse

probalility censoring weightsThis methodtook into accountensored subjects yssiging
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weights of greater than 1 to thoath observedovarian stats ata prespecifiedage Since the
censoringporocessvas associated with covariatesandomsurvival forestwas used to calculate
the probability ofremaininguncenseoed The @mpeting risk wagonsideredn the formula of

weights.

In Chapter4, two modernmachine learning algorithms: EALR and XGBoost weremployed
andan AEnNsemblve® usad ltogiake advamtage of the fweviousalgorithms The
hyperparameter tunirgfrategyil r a n d o mwas esadrtémdoptimal hyperparameter settings.
To avoid overoptimistic about the model performance, nes€i®dvas employed to give an honest
evaluationAnAi Ensembl ed met hod a c hltsgooadcrimimatve fowes t
andcalibrationresults(whenthe age threshold was less thar) 28ggestedhatthe final models

couldbe usedo predictPOI innew data.

5.2 Limitations

Approximatelyl6%of thefemaleCCSSparticipantgFigure2.2) did notcompletea questionnaire
that containedhe menstrual history sectioin this researchwe assume thosewho failed to
participae in the surveys had similar pattern oPOl to those who participateéiowever,a risk

of bias would arise if the reaséor not participatingvas associated with the menstrual status.

As a retrospective cohort studg@CSSsent out surveyscontainingmenstrual history sections
almost every seven yearhis means many participants hadeoall their health condition many

years agpimplying a risk of recall biasEspecially, whenndividualsrecalledthe age of stopping
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menstruatingvhich happened many years ago, an inaccurate age bagéported.This would

influencethe outcomesve used to build the models

The validity of using the multiple imputation and IPCW methatigontheassumption omissing
at random anthe assumptia of independence between the event process and censoring process
givenobserved covariates. Although the two assumptions are reasonable in this research, it cannot

be proved because the missing predictors and censored outcomeskamerved

In terms ofthe final model performance, although AUC, étlbwedyjood performancgealibration
curves startedeviatingfrom the diagonal linewhen age was greater than, 28plying that the

estimatedisk of developing POby ages over 2&eed to be improved

5.3 Future work

Future work could be beneficial whemore datas releasedrom CCSS This mightalleviatethe

problem of censoringndthusimproving the longterm risk prediction

The performance could be improved tiojing morehyperpararatersettings Especially forthe
XGBoost model, many more hyperparameters cdudd tuned Furthermore,by using the
AEnsembl eo wiker haching leasnmgnadgorithrssch asmeural networks, support

vector machines, and random forestildalsocontribute to improvingnsemblgerformance

Finally, although he model performance weaarefullyevaluated in this researdghmay not reflect
its performance in othehildhood cacerpopulations. An external validation study would be ideal

in the future.
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Appendices

Appendix A Menstrual history survey questions

Ovarian status classifications for female original cohort participants were derived using
information from follow-up 1 (items 1919d), followup 4 (items F13-16, J33]J34) and the
follow-up 5 questionnaire (items GI316, J35J36). Ovarian status classifications for female
expansion cohort participants were derived usmigrmation from the expansion baseline
guestionnaire (items E1B16, 133134) and the follomup 5 questionnaireThe surveys
administered to the CCSS participaat® available atlte Childhood Cancer Survivor Study
website (https://ccss.stjude.org/toalsddocuments/questionnaires/baselaretfollow-up-

guestionnaires.htmlippecific questionsboutovarian statuslassification are included below.
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] Males — Go to Question 21 j

| Females under 18 years of age — Go to Question 21

Menstrual History — for females 18 years or older

The following questions pertain to your menstrual history. Previously we asked a few questions about your
menstrual periods. Now we wish lo obtain more detailed infermation. This will help us understand how past
treatments affect a woman's pattern of menstruation and the timing of her menopause.

19. Have you ever had a menstrual period naturally; that is, without needing hormones or medication?

O Yes — Go to Question 19a
) No —> Skip to Question 20
) Not sure — Go to Question 19a

19a. At what age did you have your first menstrual period?

years old

19b. At what age did you last have a menstrual period naturally, without needing medication or hormones to bring it on?

years old

19¢c. Which of the following statements best describes you? (Select only one)

a. (U | am having regular periods and | am not taking birth control pills or female hormones
~ (example: Premarin, estrogen).
. () 1 am having regular periods but | am using birth control pills to prevent a pregnancy.
. ) My menstrual periods are irregular and | am taking birth control pills or female hormones to regulate
~ my periods.
. (U | am currently pregnant.
) | am net having menstrual periods naturally but | am taking birth control pills or female hormones.
() | am not having menstrual periods naturally and | am not taking birth control pills or female hormones.
. O Other, please specify:

oo

o ~0 o

If you selected a, b, c, or d, please go to Question 20.
If you selected e, f, or g, please go to Question 19d.

19d. What caused your menstrual periods to stop? (Select only one)

() Normal or early menopause

O Surgery (example: a hysterectomy)
O Pregnancy

) Other, please specify:

-13- EEE EEEE B B =

FigureA.1 Follow-up 1 survey (2000Questions 19 and 19k
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| Males == Go to Question F17.

Females=—> Go to Question G1.

F13. FEMALES - Have you had a menstrual period
naturally, that is, without needing hormones or

medication?
ONo [OYes I:I]
FEMALES - At what age did you last have a

Ifno, =¥ Go to Question F15.
menstrual period naturally, without needing
hormones or medication?

[I:I years and I:Ij months old

FEMALES - Which one of the following statements best
describes you? (Select only one)
O a. I am having regular periods and | am not
taking birth control pills or female hormones
(example: Premarin, estrogen)

If yes, age at first
occurrence:

F14.

E15.

O b. I am having regular periods but | am using
birth control pills to prevent a pregnancy

O ¢. My menstrual periods are irregular and | am
taking birth control pills or female hormones to
regulate my periods

O d. I'am currently pregnant

O e. l am not having menstrual periods naturally but |
am taking birth control pills or female hormones

O f. I'am not having menstrual pericds naturally and |
am not taking birth control pills or female hormones

O g. Other
If Other, please describe.

if you selected a, b, c, or d ==+ Go 10 Question G1.
If you selected e, f, or g =% Go to Question F16.

F16. FEMALES - What caused your menstrual periods to

stop? (Select only one)

O Normal or early mencpause

[ Surgery (example: a hysterectomy)
[0 Pregnancy

[0 Don't know

O Other
If Other, please describe.

F17. MALES -
LTFU Questionnaire on Men's Health

We are conducting an additional study funded by the
Lance Armstrong Foundation to better understand
fertility and sexual function in males. Participation
would require 30-40 minutes. Because some of the
questions are of a personal nature we would send you
a separate questionnaire. Would you consider
participating?

OYes [ONo O NotSure

Remember, it is very important that you mark an
answer for each of the following questions, even if you
have never had that condition.

HEART AND CIRCULATORY SYSTEM

Have you ever been told by a doctor or other health
care professional that you have, or have had. ..

Not sure
Yes, but the condition is no longer present Ifyes,
age at first
Yes, and the condition is still present occurrence
G1. Congestive heart failure or e oare
cardiomyopathy |
(weak heart muscle)? ... ... Ol O 0O

G2. A myocardial infarction

(heart attack)?.

G3. Irregular heartbeat or
palpitations, (Arrhythmia)

requiring medication or

G4. Coronary heart disease?. . ..

Ifyes, describe this problem.

G5. Hypertension (high blood
pressure) requiring
medication?..............O L O IO

If yes, do you currently take
hypertension medication?

ONo [OYes

TS DUTIOrTIT

k below this line

11 6176454654 ‘

FigureA.2 Follow-up 4 survey (2007Questions F136
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4

It is very important that you mark an answer for each of Please indicate if you

Ifyes,
the following questions, even if you have never had have ever had any of Not sure age zf;rst
that condition. the following surgical P occurrence

procedures done.
Please indicate if you NPT e "|° years
have ever had any of age at first "
the following surgical Yes Lo bty J23. Any lung surgery? . .. ... ... Cll OO0 W3 I:D
procedures done. No Ifyes, specify.
J9. Heart catheterization | jess
("heartcath)?. . ...... ... . m fullim

J10. Angioplasty (enlarging a
heart vessel using a

J24. Periodontal (gum) surgery?.
J11. Surgery for heart valve {gurm)-Burgery Ll O
replacement?. ............ O O O J25. Heart transplant?. ... ... .. Ol o 10
J12. Surgery for pacemaker?. ... O O O J26. Lungtransplant? ... ....... O O O
J13. Other heart surgery? . .. .. .. Ooo J27. Kidney transplant?. . ... . .. il o I0
If yes, specify. J28 Livertransplant?. ... ...... O O O
J29. Bone marrow transplant?. .. O O O
J30. Other organ transplant?. ... 1 o O
If yes, specify transplant.
J14. Surgery for intestinal
obstruction (blocked
intestines)?. .. .. ..........C0 O IO
J15. Colostomy or ileostomy

(stoolgoingintoabag)? ... O O O

J186. Biopsy or removal of lump in

[
2
o
[
a
o
o
2
%)
[
<
:\)
O
O
O

thyroid gland?. ... ... .. .. O o O Males ==+ Go to Question J35.
J17. Removal of part or all of
thethyroidgland?......... O O O J32. Removal of one ovary?. . . .. LI . Bl
J18. Removal ofthe spleen? . ... O O O J33. Removal of both ovaries?. .. [0 O O
J18. Ventriculoperitoneal (VP) J34. Removal of uterus?. . ...... 0 O O
shunt (tube from the brain
to the abdomen under the Females ==p Go to Question J37. |
skin) that removes excess
i id?
L " L] = J35. Removal of one testis?. . . .. O oo
i ?
20, BIREERIERNT o oo oo e e ooan J36. Removal of bothtestes?. ... O O O
J21. Breast-conserving or
breast-sparing surgery J37. Any other surgery?........ Ll [ ]
(lumpectomy)? .. ......... (A O IO D:l IFyes, specify surgery.
J22. Mastectomy or removal
Of @ BIEASIP e sv s 0 v N O IO D:I
If yes, was one or both
breasts removed?
OCne [OBoth

Please! Do not mark below this line

L 14 2031454650 ‘

FigureA.3 Follow-up 4 survey (2007Questions J334
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| Males == Go to Question H1. }

h |

G16. FEMALES - What caused your menstrual periods to

G13. FEMALES - Have you had a menstrual period
naturally, that is, without needing hormones or

medication?
ONo [OYes D]

[ Ifno, ==+ Go to Question G15. }

If yes, age at first
occurrence:

G14. FEMALES - At what age did you last have a
menstrual period naturally, without needing
hormones or medication?

G15. FEMALES - Which one of the following statements best
describes you? (Select only one)

O a. I am having regular periods and | am not
taking birth control pills or female hormones
(example: Premarin, estrogen)

O b. 1am having regular periods but | am using

birth control pills to prevent a pregnancy

My menstrual periods are irregular and | am
taking birth control pills or female hormones to
regulate my periods

My menstrual periods are irregular but | am not
using birth control pills or female hormaones to
regulate my pericds

Oc.

Od.

Oe
af

. lam currently pregnant

| am not having menstrual pericds naturally but |
am taking birth control pills or female hormones

O g. | am not having menstrual periods naturally and |

am not taking birth control pills or female hormones

Other
If Other, please describe.

Oh.

If you selected a, b, c, d, or e => Go to Question H1.

If you selected f, g, or h — Go to Question G16.

stop? (Select only one)

O Normal or early menopause

O Surgery (example: a hysterectomy)
O Pregnancy

O Don't know

O Other
If Other, please describe.

RESPIRATORY SYSTEM

Have you ever been told by a doctor or other health
care professional that you have, or have had. . .

Not sure

If yes,
age at first

Yes, but the condition is no longer present

Yes, and the condition is still present occurrence

No
I

H1. Asthma? . ................ Ooooo Dj
H2. Chronic cough or shortness

of breath for more than one

TGP 2 nas Sopme e ekt fa o w e OoOoOao D]
H3. Have you had a need for

extra oxygen? .. ... ... .. OooOoOoo |:|:|
H4. Pneumonia, 3 or more

timesinthe past2years?....0 O 0O 0O |:|:|
H5. Emphysema or other chronic

obstructive pulmonary

disease (COPD)?. . .. .. . Ooooo D]
H6. Lung fibrosis or "scarring"

ofthelung?............... OoOoaog D:I
H7. Problems with breathing

while at rest that lasted for

morethan3months? .. .....O O O O |:|:|
H8. Any other breathing or lung

ProBlemsPees s o nos woas OoOoogao

If yes, describe the other problem(s). List the age at
first occurrence for each problem separately.

k below this line

FigureA.4 Follow-up 5 su

14 0099501600

rvey (2014Questions G135
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FigureA.5 Follow-up 5 survey (2014Questions J386
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