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A B S T R A C T

Background: Family history is a significant risk factor for bipolar disorders (BD), but the magnitude of risk
varies considerably between individuals within and across families. Accurate risk estimation may increase
motivation to reduce modifiable risk exposures and identify individuals appropriate for monitoring over the
peak risk period. Our objective was to develop and independently replicate an individual risk calculator for
bipolar spectrum disorders among the offspring of BD parents using data collected in routine clinical practice.
Methods: Data from the longitudinal Canadian High-Risk Offspring cohort study collected from 1996 to 2020
informed the development of a 5 and 10-year risk calculator using parametric time-to-event models with a
cure fraction and a generalized gamma distribution. The calculator was then externally validated using data
from the Lausanne�Geneva High-Risk Offspring cohort study collected from 1996 to 2020. A time-varying C-
index by age in years was used to estimate the probability that the model correctly classified risk. Bias cor-
rected estimates and 95% confidence limits were derived using a jackknife resampling approach.
Findings: The primary outcomewas age of onset of amajormood disorder. The risk calculator wasmost accurate at
classifying risk in mid to late adolescence in the Canadian cohort (n = 285), and a similar pattern was replicated in
the Swiss cohort (n = 128). Specifically, the time-varying C-index indicated that there was approximately a 70%
chance that the model would correctly predict which of two 15-year-olds would bemore likely to develop the out-
come in the future. External validationwithin a smaller Swiss cohort showedmixed results.
Interpretation: Findings suggest that this model may be a useful clinical tool in routine practice for improved
individualized risk estimation of bipolar spectrum disorders among the adolescent offspring of a BD parent;
however, risk estimation in younger high-risk offspring is less accurate, perhaps reflecting the evolving
nature of psychopathology in early childhood. Based on external validation with a Swiss cohort, the risk cal-
culator may not be as predictive in more heterogenous high-risk populations.
Funding: The Canadian High-Risk Study has been funded by consecutive operating grants from the Canadian
Institutes for Health Research, currently CIHR PJT Grant 152796 he Lausanne-Geneva high-risk study was
and is supported by five grants from the Swiss National Foundation (#3200�040,677, #32003B-105,969,
#32003B-118,326, #3200�049,746 and #3200�061,974), three grants from the Swiss National Foundation
for the National Centres of Competence in Research project “The Synaptic Bases of Mental Diseases”
(#125,759, #158,776, and #51NF40 � 185,897), and a grant from GlaxoSmithKline Clinical Genetics.
© 2021 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
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Research in context

Evidence before this study

Family history is arguably the most robust risk factor for bipolar
disorder (BD), yet there are limited clinical tools available to
accurately predict risk for a given individual. Accordingly, BD
remains one of the most challenging disorders to predict and
accurately identify. To our knowledge only one group (BIOS
study) has developed a risk calculator using research data col-
lected from offspring of BD parents based on measures not
available to most clinicians and as yet not independently repli-
cated on another high-risk offspring cohort.

Added value of this study

This study developed, and externally validated a novel individ-
ual-level risk calculator for major mood disorder in high-risk
children of parents with confirmed BD, using variables collected
in routine clinical practice. The approach taken has methodo-
logical advantages to the BIOS risk calculator in that it employs
a parametric time-to-event model with a cure fraction and a
flexible generalized gamma distribution. The addition of a cure
fraction negates the erroneous assumption from traditional
parametric time to event models that everyone will eventually
develop the outcome.

Implications of all the available evidence

Having a clinical tool which incorporates readily available
information that is collected in routine clinical practice to gen-
erate more precise 5 and 10-year risk predictions for individual
adolescent offspring of BD parents is of critical importance. Pre-
cise individual risk prediction can be used to identify young
people at familial risk most appropriate for prevention and
early intervention, as well as self and clinical monitoring.
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1. Introduction

There are several known risk factors associated with onset of
bipolar disorder (BD) that should be reliably collected as part of a
comprehensive clinical assessment including: family history [1], his-
tory of early maltreatment [2], antecedent disorders and sub-thresh-
old symptoms [3], circadian disruption [4] and substance use [5].
However, there is limited information as to how to combine these
risk factors to make an accurate risk prediction for an individual at
confirmed familial risk. Given the substantial genetic and phenotypic
complexity, including the variability in penetrance and emergent
course of illness, tailored more precise risk prediction would be a
major clinical advance, improving time to diagnosis and reducing the
associated morbidity and excess mortality evident already early in
the illness course [6,7]. As in cardiovascular medicine and oncology,
individualized risk prediction in psychiatry could be used to identify
those suitable for more intensive self and clinical monitoring, preven-
tion, and low-intensity early interventions; for example, those target-
ing improving sleep quality, healthy coping strategies and positive
lifestyle changes [8,9].

The children of BD parents are an informative and identifiable
high-risk population. A Danish national registry-based study
reported that the cumulative incidence of BD by age 52 years was
negligible for individuals in which neither parent was admitted to
psychiatric care (inpatient or outpatient) with a diagnosis of BD;
however, this risk rose to 4.4% when one parent was admitted and
24.9% when both parents were admitted with BD [10]. The risk
increased to 36% with the inclusion of major depressive disorder
(MDD) as an offspring outcome [10]. Evidence from family and
genetic studies support that major depression is part of the bipolar
spectrum in those at confirmed familial risk [11,12]. Several pub-
lished longitudinal studies describing the onset and early course of
BD in the offspring of BD parents (for a review see [13]) have reported
an elevated risk of both BD and MDD in high-risk children, consistent
with earlier family studies [14,15]. Furthermore, the majority of cases
of BD in prospectively studied high-risk offspring debuted with MDD
years prior to the first hypomanic or manic episode [16,17].

Recently, Hafeman et al. [18] published a risk calculator (http://
www.pediatricbipolar.pitt.edu) to predict the 5-year risk of BD spec-
trum disorder in 412 high-risk children between 6 and 17 years. A
“baseline-resetting” Cox proportional hazards model treated each
research visit separately and frailty random effects was used to
accommodate non-independence of assessments for the same partic-
ipant. Predictors included summary symptom scores from parent and
child KSADS-PL interviews, and parent and/or offspring rating scales
measuring mood lability, anxiety, and functioning. The model yielded
clinically relevant discrimination (AUC 0.76) between high-risk off-
spring from this cohort who did versus did not develop a BD spec-
trum disorder within 5-years. While this model has not been tested
on an independent high-risk offspring cohort, it was examined in
predicting progression to BD I or II in a referred sample of youth with
sub-threshold bipolar symptoms [19].

In the present study, we developed and externally validated an
individual risk calculator that would be relevant for use in routine
clinical practice settings. We used data from the Canadian Flourish
Longitudinal High-Risk Offspring Study [16] and then independently
tested the model using data from the Lausanne�Geneva Longitudinal
High-Risk Offspring study [20]. Both longitudinal observational stud-
ies identified high-risk offspring through a parent with confirmed BD
and repeatedly assessed the offspring over a period up to 20 (Flour-
ish) and 13 (Lausanne-Geneva) years, respectively. We selected can-
didate risk factors that would be collected in routine practice by non-
research clinicians. Our aim was to determine whether we could
accurately estimate the likelihood of developing a BD spectrum disor-
der at 5 and 10-years into the future in children and adolescents at
confirmed familial risk.

2. Methods

2.1. Design

The Canadian Flourish Longitudinal High-risk Offspring study is an
open, dynamic prospective cohort study that started over two deca-
des ago and described in detail elsewhere [3,21]. Briefly, high-risk
offspring were identified from a parent recruited from mood disor-
ders outpatient specialty clinics in Ottawa and Halifax and were
invited to consent to participate, or assent with parental authoriza-
tion if a minor. Parental diagnosis of BDI was based on SADS-L inter-
view conducted by a research psychiatrist and confirmed on the basis
of blind consensus review of all available research and clinical infor-
mation. Subsequently, pedigrees were expanded using the same
methods to include consenting first degree relatives of the original
probands with a confirmed BD spectrum disorder (BD I, II, MDD,
schizoaffective BD). High-risk offspring who were between the ages
of 5�25 years at entry completed research assessments by a research
psychiatrist on average 1.6 years using KSADS-PL/SADS-PL format
interviews and validated self and clinician reported measures of
symptoms and psychosocial risk factors [16]. Offspring DSM-IV diag-
noses were based on blind consensus review and best estimate pro-
cedure using all available research and clinical information [16].

The Lausanne High-Risk Study is a prospective cohort study that
used a 3-year interval panel design for both parents and offspring as
described in detail elsewhere [20]. Offspring were invited to consent
to participate, or assent with parental authorization if a minor.

http://www.pediatricbipolar.pitt.edu
http://www.pediatricbipolar.pitt.edu
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Briefly, high-risk offspring were recruited among inpatients and out-
patients treated for BD I or II, schizoaffective BD or MDD in the psy-
chiatric departments of Lausanne and Geneva. Only offspring of
patients with BD or schizoaffective BD were included in the present
paper. The diagnostic assignment of probands relied on a best-esti-
mate procedure [22] including the semi-structured interviews using
the Diagnostic Interview for Genetic Studies (DIGS [23]), family his-
tory reports from first-degree relatives and medical records. High-
risk offspring between the ages of 6 to 17.9 years at study entry com-
pleted semi-structured assessments using the KSADS-E interview
and during 3-year follow-up intervals between 7 and 17.9 years of
age. In offspring >18 years, the DIGS was used to establish diagnoses.
As in the Canadian Flourish High-Risk Cohort, self and clinician-
reported validated measures of symptoms and psychosocial factors
were collected at baseline and during follow-up assessments [20].

The two studies have been approved by respective research ethics
boards at each site: the Ottawa Independent Research Ethics Board
(Pro00011514), the Queens University Health Sciences and Affiliated
Teaching Hospitals Research Ethics Board (PSIY-561�17) and the
Ethics Committee for Clinical Research of the Canton de Vaud. This
manuscript adheres to the reporting guidelines of the TRIPOD Check-
list for Prediction Model Development and Validation.

2.2. Study sample selection

For this analysis, offspring from the high-risk cohorts were
included if they met the following criteria: i) complete data on all but
one of the predictors of interest (specifically, those missing childhood
physical/sexual abuse were not excluded) and ii) predictor assess-
ments occurred prior to the outcome. The resulting analysis sample
included 285 high-risk offspring of a total of 292 from the Canadian
cohort and 128 high-risk offspring of a total of 155 from the Swiss
cohort were used to assess predictions from the model. From the 155
subjects in the Swiss cohort, 7 were dropped for only having 1 assess-
ment available, making it impossible to assess their predictions, and
20 were omitted because they were diagnosed with a major mood
disorder before or at their first visit. Although relatively high in miss-
ingness in the Canadian cohort (36% missing), it was decided that
childhood physical/sexual abuse was likely an important predictor of
future mental health, and as such was included in the risk predic-
tions. In order to include the variable in the models a “missing” level
of the childhood physical/sexual abuse variable was introduced.
While it is expected that predictions based on the “missing” category
will include more noise and uncertainty, this should be properly cap-
tured within the model, even if the missingness is not at random.

2.3. Measures

Measures are described in detail elsewhere [16] and in the Sup-
plemental Methods. Briefly, predictors were limited to candidate risk
factors that would be routinely collected by clinicians in an office set-
ting. These included the following: high-risk offspring age in years,
sex assigned at birth, socio-economic status (SES) [24] of the off-
spring’s family at recruitment and offspring global assessment of
functioning; parent response or non-response to lithium mainte-
nance treatment based on parent self-report in the Swiss cohort and
clinical research interview and use of the Alda scale [25] in the Cana-
dian cohort; BD parent age of onset defined as the age (in years) of
first major mood episode (MDD, hypomania, mania); reported child-
hood physical and sexual abuse occurring <10 years of age; anteced-
ent clinically significant symptoms (following previously published
clinically determined criteria [16] and described in Supplementary
methods); and full DSM-IV threshold antecedent non-mood diagno-
ses and number of minor mood (depression NOS, mood NOS) epi-
sodes. With the exception of, sex, proband lithium response and
abuse, all predictors were collected repeatedly at each research
assessment. Where possible, time-varying predictors were included
in the model that could change at each new assessment.

2.4. Outcome

The outcome was defined as the age of onset when offspring first
met criteria for full DSM-IV diagnosis of a major mood disorder
including MDD or BD: (BD1, BDII, BDNOS, Schizoaffective BD). As in
prior analyses [3,16] we included MDD as part of the BD spectrum
disorder outcomes given prior family studies showing that in the first
degree relatives of BD patients, MDD is related to the BD diathesis in
the majority of cases and that in over 85% of the cases of BD in the
Canadian and Dutch high-risk studies, BD debuted as depression [13].
In an exploratory analysis, we also examined a narrower outcome
definition of BD outcome (BDI, BDII, BDNOS), although as expected
given the age of the cohort at last observation the number of events
was low contributing to less precise estimates (please see Supple-
mentary materials).

2.5. Analysis

All analyses were performed in R version 4.0.2 for Windows 10
64bit [26]. The models used to make predictions are parametric time-
to-event models with a cure fraction and a generalized gamma distri-
bution. All models were fit in R using the flexsurvcure package [27]
which makes use of the flexsurv package [28] and the survival pack-
age [29,30] to fit parametric time-to-event models with a cure frac-
tion. Birth was used as the origin for the time-scale in all of the time-
to-event models. All predictors were either fixed at birth or were
only included if they occurred prior to the age of onset of outcome. At
the time of the analysis, there were no known competing risk events
such as death in either cohort.

In traditional parametric time-to-event models, it is assumed that
all subjects will eventually experience the event of interest, even if
the event was not observed during the course of the study. While
this assumption is reasonable for an inevitable event such as death,
this assumption is unlikely to hold for events such as a diagnosis of
BD. For that reason, a cure fraction can be introduced into the model-
ing process, which represents an unknown proportion of the popula-
tion that will never experience the event of interest. For this risk
calculator, we assessed the necessity of a cure-fraction in the model
using AIC (supplementary Table 1), and visually (supplementary
Figure 1), and based on those assessments, subsequently included a
cure-fraction approach for modeling.

The generalized gamma distribution was chosen for the time-to-
event outcomes for its flexibility, and because many commonly used
distributions are special cases of the generalized gamma distribution,
such as the Weibull and exponential distributions [31]. For the mod-
els used in this calculator, it was assumed that the population shares
a generalized gamma distribution for the at-risk population (i.e.,
those not in the cure fraction) and the covariates are associated with
the probability of being in the cure fraction through a logistic link
function. When making predictions, as age increases, this model
approaches a logistic regression model for the odds of getting the
outcome of interest. To assess if the generalized gamma distribution
is unnecessarily complex for this application, the generalized gamma
models were compared to similar models assuming a Weibull distri-
bution.

Two versions of the risk calculator were estimated, one with
known lithium response of the affected parent, and another with
unknown lithium response of the affected parent. The second model
was estimated using the same methods and data as the first but omit-
ted the information on lithium response of the parent. This was done
since all participants in the Canadian high-risk study have informa-
tion on the lithium response of the affected parent; however, this
information would not necessarily be available in other clinical
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settings (supplementary Figure 3). The exclusion of the added infor-
mation on the lithium response of the affected parent should not bias
the risk predictions, given the proportion of lithium responders in
the sample is reflective of the target population of interest, but will
likely introduce additional uncertainty, which will be reflected in
larger confidence intervals around predictions.

We present a time-varying C-index by age in years as a measure of
probability that the model correctly classifies two randomly chosen
high-risk individuals. A C-index of 0.50 indicates random probability;
0.70 is good; and 0.80 is excellent. This C-index is based on the C-
index developed for survival analysis by Frank Harrell [32], and fur-
ther developed to include time-varying covariates by Antolini et al.
[33]. It shows the probability of correctly classifying which of two
random individuals has the higher risk of the outcome given they
were under observation at a given age. Bias corrected estimates and
95% confidence limits were derived using a jackknife resampling
approach.

To assess the external validity of the final risk prediction model,
the risk predictions were replicated using similar data collected from
the Swiss high-risk offspring cohort. Since the model was fit using
data from a Canadian cohort, applying it to a Swiss cohort may help
understand the generalizability of the final model. The time-varying
C-index was then calculated using the data from the Swiss High-Risk
cohort and the model parameters estimated using the Canadian
High-Risk cohort. Because sleep disorders were not assessed in the
Swiss cohort, population level estimates/survival plots assumed that
sleep disorder incidence was the same as in the Canadian cohort. For
C-index calculations in the Swiss cohort, since sleep disorders infor-
mation was unavailable, the presence or absence of sleep disorders
could not be used to compare estimated risk between subjects and
therefore this information was left out of the predictions. In practice,
this was achieved by setting the binary sleep disorders variable to 0
for everyone, which represents no sleep disorders.

2.6. Role of the funding source

The funding sources had no involvement in the study design, col-
lection, analysis, or interpretation of the data, writing of the report,
or the decision to submit the paper for publication.

3. Results

3.1. Description of the two cohorts

This analysis included data from the Canadian Flourish high-risk
cohort and an independent replication in the Swiss high-risk cohort.
The Canadian cohort included 285 high-risk offspring up to 47.8 years
of age (min = 4.3, max = 47.8, median = 25.4). 107(37.5%) developed a
DSM-IV diagnosis of a major mood disorder by last observation
(MDD, BDI, BDII, BDNOS, Schizoaffective), while 38(13.3%) developed
a DSM-IV diagnosis of BD (narrow definition: BDI BDII, BDNOS) by
last observation. The Swiss high-risk cohort included 128 high-risk
offspring up to an age of 38.4 years of age (min = 7.1, max = 38.4,
median = 25.8) in which 65 (50.7%) developed a DSM-IV diagnosis of
major mood disorder by last observation, while 19 (14.8%) developed
a DSM-IV diagnosis of BD by last observation.

Risk calculator link: https://www.queensu.ca/u-flourish/mood-dis
order-calculator

3.2. Model fit

Comparisons between time-to-event models fit with a general-
ized gamma, and Weibull distribution, as well as with cure fraction
and those without (traditional) showed an improvement in the
model fit when including a generalized gamma cure fraction (as mea-
sured by AIC, and visual inspection of predicted survival curves
compared to non-parametric Kaplan-Meier plots) (Supplementary
Figures 1, 2 and Table 1). Specifically, there was a clear improvement
in model fit between the cure fraction models and the traditional
parametric models. The risk calculator model parameter estimates
can be found in Supplementary Tables 2 and 3. Variance inflation fac-
tors (VIF) were used to assess any potential multi-collinearity
between predictor variables in all of the risk prediction models
tested, with no evidence of multi-collinearity found (VIF<2 for all
covariates).
3.3. Model performance

Fig. 1 shows the complete time-varying C-index estimates from
birth to 30 years of age. As an example interpretation, the plot sug-
gests that in the Canadian high-risk cohort given 2 randomly selected
15-year-old offspring, there is approximately a 71% (95% CI: 0.65,
0.77) chance that the model would correctly predict which of them is
more likely to develop a major mood disorder in the future (if at all).
Based on the C-index estimates, the model performed poorest in the
Canadian cohort at the age of 9 (C-index9yo = 0.65; 95% CI: 0.58, 0.70),
and best at age 29 (C-index29yo = 0.83; 95% CI: (0.66, 1.00)). In the
Canadian cohort, the C-index suggests that the model starts to
improve and does a better job at classifying the risk of the outcome
in early adolescence (>11 years of age) and improves further in late
adolescence. Thereafter (>20 years of age), the 95% confidence bands
become wider, suggesting less precision in classifying risk.

In the Swiss cohort, the plot suggests that given 2 randomly
selected 15-year-old offspring, there is approximately a 57% chance
(95% CI: 0.45, 0.69) that the model would correctly predict which of
them is more likely to develop a major mood disorder in the future.
In the Swiss cohort, the 95%CI are wider, likely due to the smaller size
of the Swiss as compared to the Canadian cohort. Of note, the exter-
nal nature (e.g., used to replicate) of the Swiss cohort may impact
accuracy (C-index level), but not necessarily precision (confidence
intervals on C-indices). In both cohorts, the time-varying C-index
starts to improve after 11 years of age up until about age 20, showing
evidence of higher probability of correctly classifying risk of BD-
related mood disorders with tighter 95%CIs compared to other ages.
It should also be noted that the Swiss cohort has substantial left-trun-
cation in relation to the Canadian cohort. That is, Swiss subjects did
not all enter the study at age 0, as evident by the increasing sample
under observation in the C-index calculations from age 0 to age 15
(Fig. 1). The low number of subjects under observation in the Swiss
cohort at early ages leads to extremely wide 95% confidence intervals,
and is also associated with poor model performance (C-index near or
below 0.5).

Fig. 2 presents the estimated survival curve for major mood disor-
der from the model demonstrating that the parametric generalized
gamma cure-fraction model fits the observed data from the Canadian
cohort well. Note that the Kaplan-Meier estimate here gives the prob-
ability of not meeting diagnostic criteria for a major mood disorder
by the age on the x axis. There is marginal evidence from the plot
that the model may slightly overestimate the probability of major
mood disorder around ages 12�15 years old; however, for the major-
ity of the observed ages, the model appears to fit the raw data very
well. Based on time-varying C-indices, the model taking into account
lithium response of the affected parent and the model assuming
missing lithium response of the affected parent performed very simi-
larly (Supplementary Figure 3). The estimated survival curve for
major mood disorder in the Swiss cohort can be found in Supplemen-
tary Figure 2 and while the overall shape of the survival curve
appeared to match the Swiss cohort well, the model demonstrated
evidence of underestimating the cumulative probability of major
mood disorder.

https://www.queensu.ca/u-flourish/mood-disorder-calculator
https://www.queensu.ca/u-flourish/mood-disorder-calculator


Fig. 1. Bias corrected time varying C-indices** for the risk calculator using the Canadian High-Risk Cohort (red) and Swiss High-Risk Cohort (black) by age in years. Shaded areas
indicate 95% confidence bands. Bias correction, standard errors, and point-wise 95% confidence intervals were estimated using a Jackknife approach.

Notes: (1) *C-index sample size of subjects under observation for that age (shown every 3 years); (2) **The C-index shows the probability of correctly classifying which of two
random individuals has the higher risk of the outcome given they were under observation at a given age.
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3.4. The risk calculator: An example of a lower risk offspring

Figs. 3 and 4 present a risk calculator using parametric cure frac-
tion survival models for an offspring of a BD parent at a lower-risk
and a higher-risk of developing a major mood disorder. Fig. 3
describes the probability of developing the outcome for a male child
(observed at age 10 years) with a parent with BD responsive to (stabi-
lized on) lithium whose age of onset was 29 years and coming from a
low-middle SES background. This individual’s clinician confirmed
excellent functioning and did not experience any sub-threshold clini-
cally significant symptoms or concerns and did not meet lifetime cri-
teria for any psychiatric diagnoses or minor mood disorder.
Information on whether childhood physical or sexual abuse occurred
Fig. 2. Non-parametric Kaplan-Meier (black line), and Parametric Cure-fraction (red
line) survival curves reflecting the probability of major mood disorders at a given age
in the Canadian High-Risk Cohort.
was missing for this child, and therefore unknown. For this particular
lower-risk offspring, the probability of developing major mood disor-
der 5 years into the future is 1.0% (95%CI: <1.0, 4.0%) and 10 years
into the future is 3.0% (95%CI: 1.0, 11.0%). The observed data show
that this individual was last observed at age 20.03 years (censored
from the analysis) and remained well (did not develop the outcome)
by this age.

3.5. The risk calculator: An example of a higher risk offspring

Fig. 4 describes the probability of developing a major mood disor-
der for a female child (observed at age 10 years) with a parent with
BD that did not stabilize on lithium whose age of onset was 15 years
and coming from a high SES background. This individual’s clinician
confirmed good functioning and did experience sub-threshold clini-
cally significant depressive symptoms and a lifetime diagnosis of anx-
iety disorder, neurodevelopmental disorder (learning disability and/
or ADHD) and a minor mood disorder. It was confirmed that this indi-
vidual did not experience any form of childhood physical or sexual
abuse. For this particular offspring, the probability of developing a
major mood disorder 5 years into the future is 30.0% (95%CI: 14.0,
47.0%) and 10 years into the future is 66.0% (95%CI: 35.0, 85.0%). The
observed data show that this individual was diagnosed with a major
mood disorder at age 16.03 years.

3.6. The risk calculator: An example of an offspring in the Swiss cohort

Two examples of the risk calculator are described above using
Canadian subjects (Fig. 3 and 4); however, the same approach could
be used for the Swiss cohort. For example, A female subject was
observed in the Swiss cohort at age 16 years old, with a parent with
BD responsive to (stabilized on) lithium whose age of onset was
20 years and coming from a high SES background. This individual did



Fig. 3. Risk prediction example of a low-risk individual under observation at age 10 years using the Bipolar Spectrum Disorder Risk Calculator (for young people at familial risk of
Bipolar Disorder).
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not experience any sub-threshold clinically significant symptoms or
concerns and did not meet lifetime criteria for any psychiatric diag-
noses or minor mood disorder. There was no evidence childhood
physical or sexual abuse occurred for this child. For this particular off-
spring, the probability of developing major mood disorder 5 years
into the future is estimated to be 18% (95%CI: 10, 28%) and 10 years
into the future is 33% (95%CI: 19, 48%). The observed data show that
this individual was last observed at age 37.3 years and remained well
(did not develop the outcome) by this age.
3.7. Risk prediction at 5 and 10-years

As would be expected, this risk calculator was most precise in pre-
dicting 5-year risk into the future. The 95% CI bands become wider
with age reflecting less precise risk estimates 10 years into the future.
For example, while the 10-year risk of developing the outcome for
the presented higher-risk offspring was 66%, we are 95% confident
that this risk lies anywhere between 35 and 85% (supplemental
Figure 3).



Fig. 4. Risk prediction example of a high-risk individual under observation at age 10 years using the Bipolar Spectrum Disorder Risk Calculator (for young people at familial risk of
Bipolar Disorder).
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We produced risk calculator models to estimate the risk of develop-
ing a narrower definition of bipolar spectrum disorder (BDI, II, NOS) in
both cohorts. Given that the number of events for this outcome was low,
estimates are less precise (supplemental Figures 4 and 5).

4. Discussion

In this manuscript we present evidence that the individual risk
of developing a major mood disorder 5 years into the future in
young people at confirmed familial risk of BD can be accurately
classified using a parametric time-to-event model restricted to
data available in routine clinical practice. This risk calculator was
most accurate at classifying risk in late adolescence to early
adulthood in the Canadian high-risk offspring cohort. External
validation results from a Swiss cohort were less conclusive. While
there appeared to be a similar trend of better prediction at later
ages, the model preformed no better than chance in the Swiss
cohort in younger ages (<12 years), and suffered from small
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sample sizes, leading to large confidence intervals around the
time-varying C-index estimates.

`In this analysis, we tested an independent replication of the risk cal-
culator by using the model estimates developed on the Canadian off-
spring cohort to estimate risk in an independent sample from a
different country and continent. Not surprisingly, the model perfor-
mance was strongest when tested on the Canadian cohort upon which
it was derived compared to the Swiss offspring cohort. However, the
risk calculator was able to predict major mood disorders in the Swiss
cohort with good accuracy by late adolescence, while prediction during
other ages were less accurate, although sample sizes were very small
across some age categories. The Canadian offspring cohort was based on
highly selected families identified through parents with a clinically con-
firmed BD1 diagnosis and who were prospectively evaluated in genetic
and neurobiological studies repeatedly over the study period by
research clinicians yielding a more homogeneous parental sample with
stable diagnoses over many years of observation [16] . Further, response
or non-response to long-term lithium treatment was based on prospec-
tive systematic treatment by the research team in a specialty clinical
setting for the original Canadian parent probands [34]. Parental recruit-
ment was subsequently extended within these families to include other
first-degree relatives who met clinical research criteria for BD spectrum
disorder and their lithium response profile was assessed. By contrast, in
the Swiss families, offspring were recruited from parents with broader
BD spectrum diagnoses that included schizoaffective BD and parents
were assessed on the basis of cross-sectional structured interviews to
confirm their diagnosis and lithium response. This, coupled with the
smaller sample size and the fact that the model was derived from the
Canadian cohort, may have contributed to the wider 95% CIs and lower
C-index in the Swiss cohort. Based on themixed results with wide confi-
dence intervals when the model was applied to the Swiss cohort, future
work should include applying the risk calculator to other populations to
assess its predictive abilities outside a Canadian context.

Hafeman et al. [18] previously published a risk calculator based on
data collected from the Pittsburgh BIOS high-risk offspring cohort. Their
analysis approach used baseline-resetting Cox proportional hazards
regression tomodel the time to event from each index assessment using
a frailty model parametrization to account for clustering of visits within
individual. The Cox model requires the assumption that hazards are
proportional and requires some method for estimation of the baseline
hazard [35]. It is unclear how the baseline hazard was estimated in the
Hafeman et al. [18] risk calculator. Predictions of interest beyond hazard
ratios require that the baseline hazard must be estimated in some way
in conjunction with the Cox model. This can be done in many different
ways (i.e. step functions, spline functions etc.) which was not specified
by Hafeman et al. That said, how the baseline hazard was estimated,
and how it is used in the prediction model are important pieces of infor-
mation for any future replication or external validation of the risk
prediction model. Another BD risk calculator developed to predict
conversion rate from major depressive disorder, looked at 1-year
fixed follow-up in a Chinese outpatient population [36]. This cal-
culator was constructed using multivariable logistic regression
modeling and forward variable selection. In addition to the limi-
tations related to a fixed time-horizon of 1-year, forward variable
selection techniques have been shown to lead to unstable and
irreproducible risk calculators [37,38], and is therefore not recom-
mended. Subjects with loss to follow-up in the 1-year were also
removed from all analyses, which may lead to bias in the parame-
ter estimates and risk predictions.

Strengths of our modeling approach include that we estimated
95% CIs which lend important information about the uncertainty of
our estimates. Importantly, the inclusion of these estimates shows
how imprecise certain predictions can be. We have also explicitly
included a cure fraction in our model that negates the assumption
that all participants will eventually experience the outcome. Further,
we have replicated the model by testing it in an independent high-
risk offspring sample that is more heterogeneous and generalizable
then the highly selected Canadian families.

A potential limitation of our approach is the assumption that the
population of individuals that will ever experience a BD spectrum disor-
der follows a shared generalized gamma distribution; however, based
on model diagnostics, it appears the model making this assumption fits
the raw data well. In addition, the precision of the model is reduced in
high-risk offspring under age 10, but this agrees with clinical observa-
tions that symptoms and brain development are very much in flux and
plastic, respectively during this developmental stage [39]. Another limi-
tation is that in the replication analysis in the Swiss cohort a good C-
index for the prediction of major mood disorders was only found from
late adolescence. Our prediction model may not be generalizable
beyond offspring of parents with confirmed BD. Further, while we
attempted to select variables that are captured in routine clinical prac-
tice, these factors may differ by clinic and geography and some variables
may not be readily available. For example, lithium response of the
affected parent. However, we did estimate our model without lithium
response and found a similar C-index pattern. Censoring was assumed
to be non-informative, that is the length of follow-up was not directly
associated with the probability of the outcome after accounting for
covariates in the model. However, it is theoretically possible that sub-
jects that contributed more information to the model (longer follow-
up) may have more accurate risk predictions than those that contrib-
uted less information (shorter follow-up). Finally, the risk calculator
approach could be dramatically improved with the inclusion of other
variables in more of a research-based risk prediction model, including
for example biomarker data, penetrance and other risk exposures.

Concerns from affected parents about the likelihood of their chil-
dren developing a similar disorder was a major impetus for starting
the Canadian high-risk offspring study over two decades ago. There
was a clear need to improve upon risk estimation for individual chil-
dren from these highly heterogeneous families. Here, we present an
individual risk prediction model that uses clinical information avail-
able in routine practice and advanced statistical techniques to
improve the precision of 5 and 10-year risk estimates for individual
children at confirmed familial risk with good accuracy from the start
of adolescence (> 11 years of age). Individual risk prediction identi-
fies from amongst young people at confirmed familial risk who might
warrant closer observation and self-monitoring and benefit from psy-
cho education and prevention of modifiable risk exposures (i.e.,
avoiding recreational drugs, moderating alcohol, adopting a healthy
lifestyle and developing socio-emotional coping resources), while
improving timely early intervention. In addition, prospective study of
this high-risk group might support future targeted research into the
mechanisms of illness onset thereby contributing to important
advances in both clinical and research spheres. This risk model would
benefit from further refinement including factoring in penetrance
and should be tested on other high-risk, clinical and epidemiological
populations.
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