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Background and Rationale
There are currently more than 30,000 survivors of childhood cancer in Canada1,
and over 400,000 survivors in each of the US and Europe2,3. This is a testimony to the
effectiveness of modern multimodal cancer therapies that improved the less than 30%
survival in 1960s to 80% today. However, improved survival comes at a cost; healthcare
providers have increasingly recognized a number of late sequelae of childhood cancer
and its treatments. A frequent and significant late effect of cancer therapy is
compromised reproductive function in both males and females4,5. Female survivors with
non-surgical loss of ovarian function are classified into two subtypes, acute and late
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onset, depending on the timing of ovarian failure6. Acute ovarian failure (AOF) refers to
loss of ovarian function during or shortly after cancer treatment, typically within 5 years
of cancer diagnosis. Late onset ovarian failure, also known as premature menopause
(PM), occurs when patients retain ovarian function after the completion of cancer
treatment but cease to menstruate prematurely before age 40 years. Previous studies have
demonstrated that: 1) female childhood cancer survivors are 10.5 times more likely to
develop PM when compared to their female non-cancer siblings7; 2) the estimated
prevalence of AOF and PM are 6.3% and 9.0%, respectively in a long-term childhood
cancer survivor cohort8,9; and 3) PM occurs as early as age 20-30 years10.
Factors that strongly influence the risk of AOF and PM have been reported in
both childhood and adult cancer patients5,8,10,11. Risk factors for AOF include dose of
radiation to the ovaries, dose and type of alkylating agents, older age at diagnosis,
menarche status at treatment, and stem cell transplantation6,8,11,12. Significant interactions
between age at diagnosis with radiation to the ovaries and with cyclophosphamide have
been reported8. For PM, known risk factors include older age at diagnosis, treatment with
cyclophosphamide equivalent dose (CED13) ≥ 6,000 mg/m2 and ovarian radiation7.
In healthy women, fertility decreases drastically around 10 years prior to
menopause12. Thus, PM greatly reduces a survivor’s reproductive window. Due to this
concern, multiple national and international organizations have established guidelines for
fertility consultation for cancer patients and survivors14. Fertility preservation
technologies, such as ovarian tissue and oocyte cryopreservation, are available but
expensive. Furthermore, ovarian tissue cryopreservation involves surgery and is still
considered experimental, while the oocyte cryopreservation procedure can only be used
post-puberty. Thus, it is imperative that clinicians only offer these procedures to patients
and survivors who are at significant risk of premature ovarian failure.
Although risk factors for ovarian failure have been well documented, reliable
tools for accurately quantifying future fertility potential are lacking, limiting clinicians’
ability to counsel patients and survivors based on a robust estimate of their risk. A newly
developed tool will allow physicians to reassure patients and survivors who are at low
risk of premature ovarian failure, allowing the avoidance of invasive and expensive
treatments, thus benefiting the health care system and positively impacting the quality of
life of patients and survivors. In contrast, clinicians will be able to thoroughly discuss
different fertility preservation options with patients and survivors at high risk of
premature ovarian failure. We propose to develop, validate and disseminate a novel and
clinically useful tool that predicts the absolute risk of AOF and PM for individual
childhood cancer patients and survivors. Our ultimate goal is to improve the quality of
life of childhood cancer survivors in their adulthood.
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Specific Aims
1. To quantify the complex relationship between age at diagnosis, cancer diagnosis
and cancer treatment with the risk of premature ovarian failure (both AOF and
PM), using stratified analysis and tree-based methods. Subsequently, standard and
modern statistical methods will be used to build risk prediction models, followed
by the selection of the best model using time-specific and overall accuracy
measures;
2. To assess the accuracy of all risk prediction models in independent external
validation cohorts;
Aims 3 and 4 represent knowledge translation elements of this project. We have included
them here to provide a comprehensive view of the final goal and a complete picture of the
overall project. These two aims are not part of the analysis and further CCSS data will
not be required in order for their completion.
3. To develop simple risk scores for clinical use in collaboration with knowledge
users (clinicians);
4. To create a web-based risk prediction calculator and a mobile app for knowledge
dissemination in collaboration with knowledge translation experts.

Analysis Framework
(a) Outcomes of Interest
Premature Ovarian Failure (POF): Survivors are considered to have POF if they reported
never menstruating by age 18 or spontaneous amenorrhea before age 40. Two subtypes
are identified depending on the timing of the POF: Acute Ovarian Failure (AOF) if the
patient never menstruated by age 18 or if she had OF within 5 years of cancer diagnosis;
Otherwise, the POF is classified as Premature Menopause (PM), if the patient retained
normal ovarian function following treatment completion but ceased to menstruate by age
40.
(b) Subject Population
-

We will use data from the female population of the CCSS cohort of adult survivors
(original and expansion cohort, n = 11 371) to establish the relationship between the
identified covariates and to build the risk prediction models as defined in Aim 1.
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-

The data will be partitioned into training (75%) and test (25%) data sets
The 25% test data set will be used for internal validation
Data sets acquired from the St. Jude Lifetime Cohort study (SJLIFE; including
additional biomarkers LH/FSH) and the DCOG-LATER-VEVO study (DCOG) for
external validation as outlined in Aim 2. A letter of support from SJLIFE is enclosed
and endorsement from the principal investigator of the DCOG study, Dr. Marleen van
den Berg, was received (official approval by the DCOG board has been requested)

(c) Exploratory Variables
Baseline variables
- Patient Identification number
- Date of Birth
- Date of Diagnosis
- Initial Cancer Diagnosis (type)
o Acute lymphoblastic leukemia, other leukemia, Hodgkin lymphoma, other
lymphoma, brain tumour, neuroblastoma, kidney tumour, soft tissue
sarcoma, bone tumour, other neoplasm
- Ethnicity
o White, Black, American Indian or Alaskan Native, Asian or Pacific
Islander
o Hispanic (Yes/No)
- Height (at times of cancer treatment (if available) and each questionnaire
completion)
- Weight (at times of cancer treatment (if available) and each questionnaire
completion)
Treatment exposure
- Chemotherapy
o Cyclophosphamide exposure (Yes/No) + Age at exposure
o Procarbazine exposure (Yes/No) + Age at exposure
o Number of alkylating agents in total
o Dosage of each alkylating agent administered (if available, total dosage
and dosage normalized to standard body surface area)
o Cyclophosphamide Equivalent Dose (CED)13
-

Radiation
o Maximum prescribed tumour dose to the abdomen body region + age at
exposure
o Average dose to right and left ovaries + age at exposure
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o Maximum prescribed tumour dose to the pelvic body region + age at
exposure
o Average dose to pituitary gland + age at exposure (we may exclude
individuals with doses > 30 Gy from the modelling work, to be determined
at project meeting)
o Maximum prescribed total body irradiation dose + age at exposure
-

Stem Cell Transplantation (Yes/No)

Smoking status
- Have you smoked at least 100 cigarettes in your entire life?
- On average how many a day do/did you smoke?
- How many years, in total, have you smoked?
- Current user (Yes/No)
- Former user (Yes/No)
d) Outcome variable
Menstrual History
- Did you need medication to go into puberty?
- Have you ever taken female hormones, including birth control pills (oral
contraceptive) to have your period?
- Have you ever had a menstrual period + age at first occurrence?
- Are you currently experiencing menstrual periods?
- If no, what was the age at your last menstrual period?
- PM or AOF diagnosis (if available from CCSS database)

Modeling Approaches
Using CCSS data, we will use both classic and modern statistical modeling methods to
develop the risk prediction models for AOF and PM as outlined in Aim 1. The classic
models are used for benchmarking model performance.
Models for AOF: AOF occurs within 5 years of cancer diagnosis, for which a prevalence
analysis is appropriate in the 5-year survivor cohort of CCSS. We will use two
classification methods to develop the prevalence prediction model for AOF among 5-year
survivors, namely classic logistic regression (the benchmark) and the modern statistical
learning algorithm random forest (RF)16 whose prediction accuracy outperformed logistic
regression in many applications17-19.
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Models for PM: As a late effect of cancer treatments, PM may occur anytime during
survivors’ young adulthood post the 5-year survival milestone. We are interested in
predicting PM incidence over time. The following four models for time to PM will be
considered: a) the Cox proportional hazards (PH) model20; b) the accelerated failure time
(AFT) model21; c) the time-specific logistic regression (TLR) model22; and d) an
extension of the RF which handles time-to-event outcomes23.
We propose to employ four models for empirical comparisons for various theoretical
considerations. The PH model is the classic model for time-to-event outcomes in clinical
research and was used for developing the Framingham Risk Score (FRS); therefore we
will use it to set the benchmark. The AFT model is consistent with etiological hypothesis
of PM where the treatment exposure (predictor in the model) speeds up the natural
decline of ovarian reserve, thus “accelerating failure time”. Unlike the AFT and PH
models which model the entire event time with certain assumptions, the TLR directly
models the risk of PM at a specific time, which aligns with our goal of absolute risk
prediction within a specific time frame. This type of model extends the logistic regression
by using inverse probability weights24 to accommodate the censoring of event time.
Lastly, the extended RF is advantageous in incorporating possible high-order interactions
between predictors and leveraging the power of model ensemble. All models will take
competing risks into consideration. It is not possible to know a priori which model will
produce more accurate absolute risk in this particular application.
Model Development: CCSS data will be partitioned into training (75%) and test (25%)
data sets. We will use stratified sampling to ensure that the proportions of AOF and PM
cases in the two data sets are similar. Prediction models will be developed on the training
data. The effects of continuous predictors, such as age at diagnosis, dosage of
radiotherapy, and dosage of chemotherapy may be non-linear on the risk of ovarian
failure. We will use graphical tools to visualize each of their effects to get the correct
functional forms. We will utilize current knowledge of the interaction between risk
factors in the development of accurate prediction model for each outcome. In addition,
with clinical input, we will examine plausible interactions between risk factors by
stratified analysis and the tree-based method25. To construct a final model for the logistic,
PH, AFT, and TLR models, we will incorporate clinical consideration and use a modern
statistical variable selection method (LASSO) that has been shown to improve prediction
accuracy26. Both RF and its extension are data driven learning algorithms with built-in
cross-validation and model averaging functionality. We will experiment with different
tuning parameters to improve prediction accuracy for these two models.
Accuracy Assessment: We will conduct comprehensive model accuracy assessment for
the two final models for AOF and the four final models for PM. For AOF, the predictive
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accuracy of the logistic and RF models will be assessed with the Average Positive
predictive value (AP)27,28, and the discrimination will be assessed with Area Under
Receiver Operating Characteristic Curve (AUC)29. For PM, the overall performance will
be evaluated with calibration plots and Integrated Brier Score30,31. The time-specific
predictive accuracy and discrimination will be assessed with APt 32 and AUCt 33,
respectively. Among the competing models, the project team will select one prediction
model for each outcome, AOF and PM respectively, guided by accuracy measures and
clinical considerations. External data will be requested from the St. Jude Lifetime Cohort
study (SJLIFE) and the DCOG-LATER-VEVO study (DCOG) in order to assess the
performance of the developed models through external validation as outlined in Aim 2.

Knowledge Translation (to be carried out after the completion of the
analyses proposed here)
Aims 3 and 4 involve the creation of prediction tools for clinical use. These objectives
will be undertaken following the development of Aims 1 and 2, the risk prediction models
and subsequent accuracy assessment. These two Aims will not require the use of
additional CCSS data. As the clinical utility of a prediction tool depends on its accuracy
and simplicity, we plan to reduce the two final prediction models developed and validated
under Aims 1 and 2 (one for AOF and one for PM) to two simple risk scores, similar to
the Framingham Risk Score. In addition, we will develop a user-friendly risk prediction
calculator available through webpage and mobile app, for ease of use by clinicians and
patients. The risk calculator will be designed for accurate risk prediction, as per our tested
model, accompanied by clear interpretation of the predicted risk for end users.
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Tables (for Aims 1 and 2)
Table 1: Comparing characteristics in the training cohort vs. test cohorts
CCSS
CCSS
SJLIFE
Training
Test Data
Data Set
Set
Characteristic
n
%
n
%
n
%
Age at Diagnosis
0–4
5–9
10 – 14
15 – 20
Cancer Diagnosis
Acute lymphoblastic
leukemia
Other leukemia
Hodgkin lymphoma
Brain tumour
Neuroblastoma
Kidney tumour
Soft tissue sarcoma
Bone tumour
Other neoplasm
Ethnicity
White
Black
American Indian or
Alaskan Native
Asian or Pacific Islander
Hispanic?
Yes
No
Cyclophosphamide
Exposure
Yes
No
Unsure
Age at Exposure
<13
13 - 20
Unknown
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DCOG

n

%

Procarbazine Exposure
Yes
No
Unsure
CED (mg/m2)
0
> 0 – 3999
4000 – 5999
6000 – 7999
8000 +
Abdominal/Pelvic RT Dose
<5 Gy
5 - 10 Gy
11 - 20 Gy
>20 Gy
RT to HPO Axis Dose
<5 Gy
5 - 10 Gy
11 - 20 Gy
>20 Gy
Total Body Irradiation
Dose
<12 Gy
12 Gy
>12 Gy
Stem Cell Transplant
Yes
No
Smoking Status
Current
Former
Never
Smoking Duration

Average quantity of
cigarettes per day
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Outcome
Incidence of AOF

n

%

n

%

n

%

n

%

Cumulative Incidence of
PM
By age 30
By age 40
Cumulative Incidence of
competing risk events
(death and hysterectomy)
By age 30
By age 40

Table 2: Model performance for risk of AOF
Logistic Regression (benchmark)
Training

Internal
Validation

SJLIFE
cohort

DCOG
cohort

Random Forest Model
Training

Internal
Validation

Prediction
Accuracy (AP)
Discriminatio
n(AUC)
AP: Average Positive predictive value, AUC: Area Under Receiver Operating Characteristic Curve
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SJLIFE
cohort

DCOG
cohort

Table 3: Model performance for risk of PM
Cox Proportional Hazards (benchmark)
Training

Internal
Validation

SJLIFE
cohort

DCOG
cohort

Accelerated Failure Time Model
Training

Internal
Validation

SJLIFE
cohort

DCOG
cohort

Model
Calibration
(Calibration
plots)

Prediction
Accuracy (APt)
Discriminatio
n(AUCt)
Overall
Performance
(Integrated Brier
Score)
APt: Average Positive predictive value at time t, AUCt: Area Under Receiver Operating Characteristic Curve at time t

Time-specific Logistic Regression Model
Training

Internal
Validation

SJLIFE
cohort

DCOG
cohort

Random Forest Extension Model
Training

Internal
Validation

SJLIFE
cohort

Model
Calibration
(Calibration
plots)

Prediction
Accuracy (APt)
Discriminatio
n(AUCt)
Overall
Performance
(Integrated Brier
Score)
APt: Average Positive predictive value at time t, AUCt: Area Under Receiver Operating Characteristic Curve at time t
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DCOG
cohort
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Appendix
Letter of Support from St. Jude Lifetime Cohort study (SJLIFE)
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