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ABSTRACT
Background: There is broad agreement that the onset of bipolar disorders (BD) can be predicted by using combined estimates 
of familial, genetic and clinical risk. However, there is a lack of consensus about the operationalisation of different risk attributes 
(e.g., symptoms vs. sub-threshold syndromes; disorder-specific polygenic risk scores [PRS] vs. multiple-disorder PRS dimensions) 
and their utility for predicting bipolar type 1 (BD-I) and 2 (BD-II). Likewise, analyses often fail to consider the optimal model for 
predicting outcomes where true cases will be in the minority.
Methodology: Proof of concept study employing an ensemble machine learning approach (Boosting) to develop models for 
classifying BD cases vs. non-cases using different combinations of risk attributes extracted from a database from a prospective 
longitudinal follow-up of twin and non-twin siblings in the peak age range for onset of major mental disorders.
Results: Of 1473 participants (mean age 26.3; female = 866), 104 developed BD-I (n = 30) or BD-II (n = 74). The best performing 
Boosting classification had an overall area under the receiver operating curve (AUROC) of 85.1% (95% Confidence Intervals: 80%, 
88%); correctly identifying 86.7% BD cases. Variables with greatest relative influence were, in rank order: depressive symptoms, 
psychotic symptoms, a BD-Schizophrenia PRS dimension, hypomanic symptoms, and family history of BD. The model accu-
rately classified 89% of manic cases but only 68% of hypomanic cases.
Conclusions: Improving the accurate prediction of BD onset would benefit from greater consensus regarding the operationali-
sation of known risk attributes and selection of analytic models that consider sample imbalances.

1   |   Introduction

The worldwide prevalence of bipolar disorders (BD) is about 
1%–3% and the peak age range for first onset is typically 
15–25 years, with some evidence of earlier age at onset in those 
with a family history of BD [1, 2]. Bipolar-II disorder (BD-II) is 
more common in females, but the initial full-threshold mood 
episode in both BD-I and II is usually depression. Many people 

who develop BD experience periods with manic or depressive 
symptoms that are subthreshold for a mood episode diagnosis. 
Identification of those at high risk of BD remains challenging 
as the early expressions of psychopathology do not specifically 
predict a BD trajectory [3, 4]. Experts concur that the optimal 
prediction of BD onset will rely on combined estimates of ge-
netic, familial and clinical risk, but there is less agreement on 
the most useful estimates to include, or the optimal approach 
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for determining model accuracy in scenarios with low transition 
rates such as community or primary care samples.

Bipolar disorders have a large hereditary component. A re-
cent meta-analysis estimated that offspring of parents with 
BD have a 5% lifetime risk of developing BD and a 55% life-
time risk of developing other mental disorders [5]. Moreover, a 
multi-generational family history of BD or other severe mental 
disorders is associated with increased likelihood of being diag-
nosed with BD (and other mental disorders) at an earlier age 
[6]. Clinically, the utility of family history (FH) has often been 
undermined by the difficulty with accurate ascertainment [7]. 
This has led to increased interest in objective (molecular) mea-
sures of genetic risk. However, currently, it is unclear whether 
genetic markers are best used instead of, or as an adjunct to, 
clinical reports of familial loading [8]. Genome-wide associa-
tion studies (GWAS) have demonstrated associations between 
polygenic liability for BD (i.e., polygenic risk scores; PRS) and 
later development of BD [9]. Also, a case–control study of PRS 
in youth with BD (compared with offspring at high-risk of BD 
and healthy controls), showed that PRS-BD was significantly 
elevated in BD cases, with the suggestion that PRS-BD demon-
strated diagnostic specificity [10]. However, Hafeman et al. [11] 
argue that PRS-BD alone has limited utility as a risk predictor 
at the individual level, and studies show that familial and ge-
netic risk for BD is not uniquely associated with development 
of BD. For example, PRS-BD can be associated with the onset 
of psychosis; and the PRS for schizophrenia (PRS-SCHIZ), de-
pression (PRS-MDD) and anxiety or neuroticism (PRS-NEU) 
are associated with a small but measurable increase in the like-
lihood of BD onset in individuals at increased clinical risk for 
a mood or psychotic disorder, or individuals with a prior early 
onset depression [5, 12–16]. Interestingly, studies have demon-
strated that PRS estimates may be higher in individuals with 
more complex or severe mental disorders compared with those 
who seek help for their condition [15, 17] This is relevant to BD 
as the performance of prediction models may differ according to 
help-seeking status (i.e., clinical versus non-clinical samples) or 
in those who experience mania versus hypomania [18].

Genetic variants predisposing individuals to clinically related 
conditions, such as mood and psychotic disorders, are shared 
[19]. Given these findings, several researchers have used com-
bined estimates of PRS for more than one severe mental disor-
der (e.g., dimensional scores for BD-SCHIZ) as an alternative 
to disorder-specific PRS estimates in prediction models [13]. 
This approach has particularly found support from researchers 
studying children and adolescents, as during these developmen-
tal phases, illness trajectories are more dynamic and may evolve 
and diverge over time [20, 21]. In sum, it is timely to explore 
whether there are any additional gains from using different FH 
constructs (e.g., FH-BD versus multigenerational-FH) or using 
dimensional approaches to PRS (compared with separate esti-
mates of PRS-BD, PRS-SCHIZ, etc.).

Research consistently identifies that a range of mood symp-
toms and subthreshold syndromes may precede the onset of the 
index full-threshold hypomanic, manic or depressive episode 
[3, 4, 22, 23]. Likewise, psychotic symptoms are frequently re-
ported by those who later develop BD [24, 25]. Examination of 
such mood and non-mood clinical antecedents and sub-threshold 

syndromes preceding the onset of full-threshold episodes of BD 
has the advantage of mirroring the ultra-high-risk categories 
used in early intervention is psychosis, but the potentially wider 
range of high-risk syndromes in BD is a disadvantage [26]. The 
selection of assessment instruments and use of continuous or 
categorical measures of early expressions of psychopathology is 
not only influenced by the psychometric and clinimetric char-
acteristics of the tool, but also by researcher preference (e.g., 
for specific tools), and the resourcing and nature of the study 
(e.g., prospective cohort studies, offspring versus healthy con-
trols or other case–control studies, community versus clinical 
populations, etc. [27]).

Prediction studies in medicine and psychiatry have changed 
markedly since the advent of machine learning (ML) and ar-
tificial intelligence (AI). Contemporary approaches usually 
show better performance compared with traditional parametric 
analyses (which make assumptions that may not hold in clin-
ical practice). However, even widely used ML models that in-
clude decision tree analysis (e.g., classification and regression 
tree) and receiver operating characteristic curve (ROC) analysis 
are susceptible to overfitting or poor generalisability to other 
samples [28]. Many groups have adopted ensemble ML models 
such as Boosting alongside quality assurance metrics that are 
more reliable when there is an imbalanced sample, such as the 
Matthews correlation coefficient [29]. Boosting is a method that 
is used widely to analyse imbalanced samples (where predicted 
case numbers comprise only a small proportion of the total study 
population and where a single ML model often makes prediction 
errors because of issues with the training sample). Boosting tries 
to overcome these weaknesses by training multiple ML mod-
els sequentially to improve the accuracy of the overall system. 
The findings from Boosting can then be used to generate a ROC 
curve to estimate the overall accuracy of the model, whilst the 
MCC is viewed as an easy to interpret and superior measure of 
the quality of binary classifications. It may be useful to explore 
how an ensemble ML model performs when assessing onset of 
BD-I or BD-II as this approach appears to have the advantage of 
reducing bias in the classification and is often applied in models 
that predict rare diseases, cancers and also suicides (where the 
outcome is relatively rare and there is a significant risk of mis-
classifying cases as non-cases) [30].

Accordingly, this study explores the extent to which a combi-
nation of FH, PRS, and clinical phenomenology (e.g., self-rated 
symptoms or sub-threshold syndromes), applied within the con-
temporary Boosting framework, can predict BD onset in a pro-
spective cohort of adolescents and young adults in the peak age 
range for onset of mood and psychotic disorders.

2   |   Methods

2.1   |   Study Overview

This study is part of a programme of research about the health 
and well-being of the Brisbane Longitudinal Twin Study (BLTS) 
cohort. It received ethical approval from the Human Research 
Ethics Committee at the Queensland Berghofer Institute of 
Medical Research and the University of Sydney (references: 
EC00278 and P1212).
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This report follows Strengthening the Reporting of Observational 
Studies in Epidemiology (STROBE) guidelines (Appendix 1 pro-
vides the STROBE checklist). Here, we provide a summary of 
eligibility criteria, and descriptions of clinical assessments and 
PRS estimates relevant to these analyses. Additional details 
about the protocol, procedures and data collection processes are 
provided in online materials (Appendix 2). Further information 
and other research findings are available in recent cohort publi-
cations (see Appendix 2).

2.1.1   |   Participants

The cohort for this study was derived from the BLTS database, 
which includes encrypted, de-identified data from a prospec-
tive, longitudinal, community-based cohort of twins and non-
twin siblings who were recruited from Brisbane, Queensland, 
via media appeals and word of mouth from 1992 onwards. 
Ethnically, the cohort reflects the population structure of the 
greater Brisbane area at the time of recruitment, with most par-
ticipants of European ancestry and minorities of predominantly 
Asian ancestry. Individuals were eligible to join the cohort from 
age 12 onwards (with written parental consent), and mental 
health assessments were introduced from age ~ 15 onwards.

This study focuses on data collected between the ages of ~15–
25 years, particularly the 19Up and 25Up follow-ups that in-
cluded detailed self-rating and interview-based assessments of 
mental health. Due to the nesting of the data collection within 
a longitudinal framework, individuals who missed a follow-up 
could be invited to participate at the next wave, and findings 
from recent cross-sectional assessments can be linked to those 
from earlier waves [31].

For the prediction analyses, we extracted de-identified individ-
ual data according to the following inclusion criteria:

	 i.	 the participant had completed all self-ratings of psychopa-
thology at a follow-up undertaken between ages 15–19;

	 ii.	 the Composite International Diagnostic Interview (CIDI) 
[32] and family history (FH) of major mental disorders as-
sessment were available from the 19Up or 25Up follow-up;

	iii.	 age at onset of self-rated psychopathology (e.g., sub-
threshold syndromes) and/or of the first full-threshold 
CIDI episode was recorded (or could be estimated from 
information available).

Individuals were excluded if no PRS estimates were available or 
PRS estimates did not meet quality control standards. Likewise, 
we excluded individuals if the age at completion of the CIDI 
assessment and/or estimated age at onset of any full-threshold 
syndrome preceded the age at completion of the symptom self-
ratings, and/or if insufficient data were recorded, and/or ages at 
onset could not be estimated or specific age data were missing.

Using these criteria, we identified that 1473 individuals (out of 
1815 potential participants) met all the eligibility criteria (see 
supplementary Table 1S for the comparison of baseline charac-
teristics in the 1473 cohort members who were included versus 
the 342 who were excluded).

2.2   |   Clinical Assessments

2.2.1   |   Demography

Key characteristics were recorded (see Table 1).

2.2.2   |   CIDI Caseness

We applied established algorithms to CIDI assessment data to 
determine the presence or absence of a range of DSM-IV disor-
ders and their age at onset (Kessler et al. 2012 [32]). We extracted 
data regarding major depressive, hypomanic, manic or psychotic 
syndromes that met CIDI criteria for caseness (Appendix 2).

2.2.3   |   Self-Rated Psychopathology

Details about the self-ratings used in this study are provided 
in Appendix 2 and in our previous publications. In brief, indi-
viduals completed self-ratings of 23 items that may indicate the 
presence of hypomanic/manic (HMMSx), depressive (DepSx), or 
psychotic symptoms (PSx) and can be used to identify whether 
any clusters of mood or psychotic symptoms meet the criteria 
for a sub-threshold mood and/or psychotic syndrome, referred 
to as Hypomanic-like (HMLE), Depressive-like (DLE), or 
Psychotic-Like Experiences (PLE). The rating scales employed 
were chosen because they have been widely used to evaluate 
psychopathology experienced by young people in community 
and clinical settings and because the ratings can be examined 

TABLE 1    |    Key characteristics of the study cohort (n = 1473).

Characteristic Sample (N = 1473)

Mean Age in years (SD) 26.3 (4.4)

Number (%)

Females 866 (59%)

European ancestry 1370 (93%)

Educational Level: Junior or Senior 
School only

267 (18%)

Full-Time Employment 869 (59%)

Civil Status: Single 998 (55%)

Zygosity

Monozygotic Twins 427 (29%)

Dizygotic Twins 530 (36%)

Non-Twin Siblings 516 (35%)

Full-Threshold Mood or Psychotic 
Disorder

409 (29%)

Bipolar Disorder

Hypomania 74 (5%)

Mania 30 (2%)

Self-Reported Help-Seeking for a 
Mental Health Problem

388 (26%)
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from several perspectives, including prediction of transition to 
caseness in studies of BD, depressive, and psychotic disorders 
(Appendix 2 provides references).

2.2.4   |   Family History (FH) of Mood 
and Psychotic Disorders

The presence or absence of mood and psychotic disorders 
in 1st degree family members was identified using an on-
line assessment based on the Family History Screen [33]. 
Multigenerational-FH and FH of mood and psychotic disorders 
were identified from self-report data (Appendix 3).

2.2.5   |   Help-Seeking Behaviour

We extracted information about help-seeking from self-report 
of mental health problems, engagement in help-seeking and/or 
recommendations for treatment of a mental health problem as 
recorded via the Headspace National Telephone Survey [34].

2.3   |   Estimating Polygenic Risk Scores

Genotyping and quality control procedures for the BLTS cohort 
are described in detail elsewhere [35]. The PRS for BD, MDD, 
SCHZ and NEU used in this analysis were constructed from the 
data releases from the Psychiatric Genomics Consortium and 
are based on well-powered multi-national GWAS conducted in 
adult populations (for full explanation see https://​pgc.​unc.​edu/​
for-​resea​rchers). It should be noted that given the geographic 
distribution of the discovery samples used in the GWAS, the ge-
netic data available to each consortium are known to be more 
representative of Caucasian (European ancestry) populations.

As noted in Appendix  2, a PRS provides a statistical estimate 
of an individual's common genetic liability to a trait and is cal-
culated as a weighted sum of their individual load of single 
nucleotide polymorphisms (SNPs) associated with that trait, 
weighted by an effect size derived from summary statistic 
GWAS data [36]. In our analyses the PRS are represented by the 
SBayesR estimates for NEU, MDD, BD and SCHZ. In brief, the 
SBayesR algorithm is preferred to many other PRS estimations 
as it offers a non-parametric Bayesian method that gives the 
highest prediction accuracy for psychiatric disorders in indepen-
dent samples [35]. The individual PRS for NEU, MDD, BD and 
SCZ are expressed as single value estimates (standardised scores 
which can be negative or positive), with higher positive scores 
indicating an individual has a higher genetic liability for the 
trait [36]. In addition, we wished to examine the shared effects 
of these PRS as well as their individual contribution to the pre-
diction models. Therefore, we undertook a principal component 
analysis (PCA) of the four PRS to derive statistically reliable and 
clinically interpretable PRS dimensions for further details, see 
Scott et al. [15]. The PCA identified two dimensions accounting 
for 70% of the explained variance; the first dimension, which we 
labelled MDD-NEU, accounted for 35.7% of the explained vari-
ance; the second, which we labelled BD-SCHZ, accounted for 
34.3% (Appendix  3). These two dimensions were employed in 
some of the statistical analyses described below.

2.4   |   Statistical Analyses

Predictive analyses were undertaken using the ‘Generalised 
Boosted Regression Modelling’ (gbm) R package (https://​
CRAN.​R-​proje​ct.​org/​packa​ge=​gbm, version 2.2) and the pro-
cesses are outlined below (additional details are provided in 
Appendix 2).

The Boosting model is based on classification and regression 
decision trees (CARTs) and the ensemble model was con-
structed by sequentially combining multiple “weak” decision 
trees generated from the familial, genetic and clinical risk fac-
tors for BD included in the predictive analysis. It should be 
noted that the samples utilised at each stage of the Boosting 
analysis were not uniformly drawn from the same population; 
instead, cases that were incorrectly predicted in a prior step 
received increased weight in the subsequent step [37]. As such, 
the Boosting algorithms enhanced predictions of BD onset it-
eratively, helping to reduce the high bias often associated with 
shallow decision trees and logistic regression models [38]. To 
enhance the robustness and accuracy of the final Boosting 
models, the gbm package selects different subsamples of the 
BLTS cohort for model training (60% of the sample with 10-fold 
cross-validation), validation (20%) and test sets (20%) for each 
analysis [39].

Here, we examined the incremental improvements in the BD 
prediction model by the stepwise introduction of risk factors 
(see below). The gbm package allowed reporting of the relative 
influence (in some packages referred to as feature importance or 
FI) of each variable within each Boosting model (Appendix 2), 
whilst the overall accuracy of the prediction model was evalu-
ated by estimating the area under the curve (AUC) for the ROC 
(AUROC with 95% confidence intervals; 95% CI) and the quality 
of the binary classification was estimated using the Matthews 
correlation coefficient (MCC).

Zou et al. [40] suggest that an AUROC estimate of at least 0.8 
is required to demonstrate clinical utility as well research sig-
nificance for a medical screening or diagnostic test. Similarly, 
Namh [41] notes that an AUROC > 0.8 is viewed as “good” and 
≥ 0.9 as “very good”, and acceptable screening tools typically 
have an AUROC ≥ 0.85. The MCC is a measure of the correla-
tion between the predicted and true class labels and is relatively 
easy to interpret. The MCC considers all four possible out-
comes of a binary classification (true and false positives; true 
and false negatives) and is therefore more balanced than other 
metrics such as accuracy or precision [29]. This makes it useful 
for studies such as prediction of BD onset where the classes are 
imbalanced, and the cost of false positives and false negatives is 
quite different (i.e., not identifying true cases would have worse 
consequences than mistakenly identifying a healthy person as a 
potential case). The MCC estimate ranges from −1 to 1, where 1 
is a perfect classification, 0 is no better than chance, and − 1 is 
a completely incorrect classification. An MCC of 0.3 to 0.5 sug-
gests a “moderately good” binary classification model, while an 
MCC ≥ 0.5 is a “good” model.

As this is an exploratory study, we repeated the Boosting 
analysis several times to enable determination of the optimal 
combination of FH, PRS or clinical features (separately and 

https://pgc.unc.edu/for-researchers
https://pgc.unc.edu/for-researchers
https://CRAN.R-project.org/package=gbm
https://CRAN.R-project.org/package=gbm
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then in combination) that classified individuals according to 
(i) BD (subtypes BD-I and BD-II); (ii) Manic caseness; and 
(iii) Hypomanic caseness. Previous research suggests that 
the models for prediction of Mania and Hypomania may dif-
fer, so we planned a subsidiary analysis to examine whether 
help-seeking status influences the accuracy of the classifica-
tions of BD subtypes (see below), as individuals experiencing 
Hypomania may be less likely to seek help than those experi-
encing Mania.

The analyses proceeded in the following steps:

Step 1: Baseline Variables: before undertaking the predictive 
analyses, we ran a Boosting model incorporating variables 
that are known to influence case–control classifications in 
BD. These included age, sex, twin status, etc. (for further de-
tails see Appendix 2 and Scott et al. [15]). This baseline clas-
sification was used to generate a single composite predictor 
variable (hereafter referred to as ASAFT to reflect the names 
of the variables) that was then included in each of the analy-
ses of different combinations of putative FH, PRS, and clinical 
risk factors.

Step 2: The next step considered whether FH and PRS estimates 
improved upon the baseline classification. We tested different 
representations of these risk factors e.g., for FH we ran models 
that explored not only the presence or absence of FH BD, FH 
Psychosis and FH MDD, but also a FH of both mood and psy-
chotic disorders, (i.e., more than one severe mental disorder) and 
the presence of a multi-generational FH. Likewise for genetic 
vulnerability, we examined the PRS for BD, SCHZ, MDD, and 
NEU, and the two PCA-derived PRS dimensions (BD-SCHZ, 
MDD-NEU).

Step 3: In this step we considered whether including different 
measures of antecedent psychopathology improved the clas-
sification of BD caseness obtained previously. We ran models 
that included the presence or absence of categorically defined 
risk syndromes (i.e., DLE, PLE and/or HMLE) prior to a full-
threshold mood or psychotic episode and then examined the 
predictive utility of number of depressive (DepSx), psychotic 
(PSx) or hypomanic (HMMSx) symptoms (symptom scores were 
Z-transformed).

Step 4: We then examined whether including help-seeking sta-
tus in the classification model may shed light on previous dif-
ferences in predictors of mania or hypomania in clinical versus 
non-clinical samples.

The best model for each classification was selected according 
to the following criteria: the model demonstrated the highest 
AUROC with the ROC for classification of BD cases exceeding 
that of non-cases and the model had a higher MCC than any 
similar models (undertaken at the same step). These predic-
tors were then included in a combined model and the AUROC 
and MCC were examined alongside the estimated relative in-
fluence of each risk factor included in this final BD classifica-
tion model. We then examined whether these features were 
able to predict Manic caseness or Hypomanic caseness to the 
same extent.

3   |   Results

3.1   |   Sample Description

As shown in Table 1, the cohort comprised 1473 participants 
(female = 866; 59%) with a mean age of 26.3 (SD = 4.4). Over 
90% (n = 1370) were of genetically inferred European ances-
try; 55% were single and 59% were in full-time employment. 
About 29% (n = 409) met criteria for a full-threshold CIDI 
mood or psychotic disorder; 116 (28% of these 409 cases) met 
criteria for > 1 CIDI disorder (supplementary Figure 1S). The 
median age at first onset of a full-threshold CIDI diagnosis 
was ~20 years (Interquartile Range: 18–23). One-hundred-
and-four individuals met criteria for BD (7%), with 30 (2%) 
experiencing at least one manic episode. Three-hundred-and-
eighty-eight members self-reported help-seeking, of which 
63% (n = 245/388) met CIDI criteria for a full-threshold mood 
or psychotic disorder.

Figure 1 summarises the distribution of risk factors in BD cases 
(n = 104) compared with other participants (n = 1369). The mag-
nitude of familial, genetic and psychopathology loadings is 
higher in BD cases except for FH of psychotic disorders, which 
is higher in the Non-BD group (which includes healthy controls 
but also individuals who have other CIDI diagnoses including 
psychotic and depressive disorders).

3.2   |   Boosting Analyses

The preliminary Boosting model identified that baseline vari-
ables (ASAFT) gave an overall AUROC of 55% (95% CI: 49%, 
61%; MCC = 0.11). Table 2 reports key findings for the optimal 
model at each step (metrics for sub-optimal classifications are 
shown in Table S2).

The best performing Boosting model for the predictive utility of 
FH attributes gave an overall AUROC of 61.6% (95% CI: 56%, 
68%; MCC = 0.25). The variables with the greatest relative influ-
ence (in rank order) were: multigenerational-FH; FH-BD; FH-
Psychosis; and FH-MDD.

When the Boosting classification included different PRS pro-
files, the best performing model included the PRS dimensions. 
This model had a slightly better classification rate than the FH 
model, with an overall AUROC of 65.3% (95% CI: 59%, 72%; 
MCC = 0.26) and an AUROC for correctly identifying BD cases 
of 67.1%. The relative influence of the BD-SCHIZ PRS dimen-
sion was 7× greater than the MDD-NEU PRS dimension.

Combining FH and PRS variables into a single model demon-
strated a further improvement in the prediction of BD caseness 
(overall AUROC 71.9%; 95% CI: 66%, 78%; MCC = 0.31); the fea-
tures with highest importance were the PRS dimension of BD-
SCHIZ and FH-BD.

When Boosting explored the predictive utility of different pat-
terns of psychopathology (symptoms or subthreshold syndromes; 
Figure 1), the model incorporating symptom measures (rather 
than subthreshold syndromes) had a higher overall AUROC 
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FIGURE 1    |    Distribution of risk attributes in BD cases (n = 104) and Non-BD cohort members (n = 1369).
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(67.9%; 95% CI: 63%, 74%; MCC = 0.28), correctly identifying 
72.3% of BD cases. Interestingly, DepSx were ranked as having 
the highest feature importance followed by PSx, then HMMSx.

As shown in Table  2, the best performing Boosting classifi-
cation that included FH, PRS and clinical variables had an 
overall AUROC of 85.1% (95% CI: 80%, 88%) and correctly 
identified 86.7% of BD cases (MCC = 0.46). The variables with 
greatest relative influence were: DepSx, PSx and the BD-
SCHIZ dimension, whilst HMMSx and FH-BD showed lower 
feature importance.

Finally, as shown in Figure 2, the optimal model for predicting 
BD caseness (BD-I and BD-II) was particularly useful for predict-
ing Manic caseness. The AUROC was 89% (95% CI: 81%, 97%) for 
identifying cases with at least one episode of mania (MCC = 0.42). 
The rank order for feature importance was: DepSx, BD-SCHIZ 
PRS dimension, PSx, MDD-NEU PRS dimension, then HMMSx 
and FH-BD. Adding help-seeking status into the model predicting 
Mania had minimal impact on the performance of the model. In 
contrast, the overall AUROC for the prediction of hypomania im-
proved from 68% (95% CI: 61%, 75%; MCC = 0.18) to 79% (95% CI: 
73%, 85%) when help-seeking status was included. The MCC for 
the latter model was 0.26 and the rank order for features of most 
importance was: DepSx (37.3); HMMSx (22.8); MDD-NEU (20.6); 
BD-SCZ (10.2); and help-seeking status (7.3).

4   |   Discussion

The impetus for this proof-of-concept study was four-fold. First, 
we wanted to examine whether we could use information about 
risk factors derived from different data modalities (self-report, 
observer recordings, molecular genetics) to identify an optimal 
model for the prediction of BD onset that met the minimum crite-
ria for clinical utility (i.e., AUROC 80%–90%). Second, we wished 
to explore whether the optimal prediction model was equally accu-
rate for predicting manic and hypomanic onsets. Third, we decided 
to investigate any additional gains from using different approaches 
to measuring risk attributes (e.g., disorder-specific PRS vs. PRS 
dimensions, etc.). or to identifying sub-populations (e.g., help-
seeking status). Fourth, we wanted to highlight the need to employ 
predictive models that consider the fact that individuals who de-
velop a specific mental health condition, such as BD, are typically 
in the minority, i.e., we sought a model that prioritised the prediction 
of caseness. As noted by Genetili et al. this is especially important 
when studying real-world datasets, as these are inherently imbal-
anced, and if extreme imbalances exist (where cases represent only 
1%–3% of the study population), this frequently leads to predictions 
biased toward the majority class (i.e., the model will always be bet-
ter at predicting the healthy comparator or ‘non-case’ class) [42].

Our main findings were that our optimal Boosting model accu-
rately classified over 85% of BD cases and that a combination 
of mood and psychotic symptoms, PRS dimensions and FH of 
BD were the most important risk factors in predicting caseness. 
At a superficial level, the prediction model appears to lack new 
insights into risk factors associated with future onset of BD. 
However, a more detailed review of the findings demonstrates 
that the relative importance of some risk factors differs from 
the emphasis given to those factors in existing research and/
or a more nuanced approach to operationalisation of risk attri-
butes may enhance the accuracy of the prediction model (and 
increase the likelihood the overall model meets the criteria for 
clinical utility)., For example, depressive symptoms (DepSx) 
and psychotic symptoms (PSx) were ranked as more important 
than hypomanic/manic symptoms (HMMSx). Although this 
might seem counter-intuitive, it is in keeping with other studies 
on the early phenomenology of BD. Depressive phenomena are 
well-established antecedents of BD, but contemporary studies 
and reviews increasingly emphasise the importance of ‘activa-
tion’ as a core phenotype of BD [43, 44]. Activation is primarily 
associated with changes in rest-activity rhythms and subjective 

TABLE 2    |    Optimal boosting models for predicting onset of BD 
utilising different risk attributes.

Model*
ROC for 

Classification (%)
Relative 

Influence**

Relative influence

OVERALL 61.6 MULTI-
GEN FH

51.3

BD 62.7 FH BD 20.62

No BD 60.5 FH PSY 5.19

FH MDD 3.1

Polygenic Risk Scores (PRS)

OVERALL 65.3 BD-SCHIZ 84.2

BD 67.1 MDD-NEU 12.51

No BD 63.5

FH + PRS

OVERALL 71.9 BD-SCHIZ 62.45

BD 72.2 FH-BD 17.91

No BD 71.6 FH-MDD 8.74

MDD-NEU 7.64

MULTI-
GEN FH

3.26

Clinical Risk Syndromes/Symptoms (Sx)

OVERALL 67.9 DepSx 67.16

BD 72.3 PSx 27.79

No BD 67.3 HMMSx 5.08

FH + PRS + Sx

OVERALL 85.1 DepSx 49.57

BD 86.7 PSx 22.78

No BD 82.8 BD_SCHIZ 17.01

HMMSx 6.91

FH-BD 3.73

Note: ROC: Receiver Operating Characteristic (see text for 95% confidence 
intervals); MULTI-GEN FH: multi-generational FH; BD-SCHIZ and MDD-NEU 
refer to PRS Dimensions (see text for details).
*All prediction models include baseline variables such as age, sex, twin status, 
etc. (i.e., ASAFT; see text for details). 
**Relative Influence also known as feature importance metric.
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energy, and we know that these symptoms are frequently in-
cluded in depression rating scales in the form of decreased ac-
tivation (measured as low subjective energy and psychomotor 
retardation). Although items regarding increased activation 
(i.e., increased energy, psychomotor excitation) are included in 
some hypo/mania screening tools, many scales place less em-
phasis on these features compared with mood ratings of elation 
and instability. Against this phenomenological background, we 
were unsurprised about the relative importance of DepSx load. 
Likewise, we have shown elsewhere that symptoms labelled as 
psychotic, such as paranoia, are not specific to individuals at 
clinical high risk of psychosis and are also common in those at 
high-risk of BD, especially mania [17, 31]. Whilst the current 
study did not itemise individual symptoms, we suggest that the 
finding that symptoms, rather than antecedent sub-threshold 
syndromes, were more useful in predicting future onset of BD is 
important. Being able to identify individual symptoms or symp-
tom clusters that may represent important clinical phenotypes 

(irrespective of items being included in rating scales of depres-
sion, hypomania, psychosis, etc.). offers a more refined ap-
proach than employing categorical measures of sub-threshold 
syndromes (which typically focus on the number rather than 
the nature of any symptoms). A further argument in support of 
a symptom-level approach can be inferred from our finding that 
our optimal prediction model was not only less accurate in pre-
dicting hypomania (NB: even with help-seeking included, the 
overall accuracy of the model was < 80%) but the models also 
differed in the relative importance of psychotic versus hypo-
manic symptoms (and of the MDD-NEU versus the BD-SCHIZ 
PRS dimensions). An ongoing concern for researchers in the 
field is that many screening tools for BD struggle to differen-
tiate phenomenology associated with hypomania from that as-
sociated with different temperamental and personality styles in 
youth (and in some instances from ADHD). Investigating symp-
tom profiles in more detail (e.g., activation versus mood lability) 
might shed light on whether different risk pathways exist for 

FIGURE 2    |    Boosting classification of Mania (n = 30) ROC Curves Plot Mania.
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mania and hypomania [45]. Also, it would allow investigation 
of whether the PRS findings (for mania versus hypomania) are 
genuinely accounted for by different pathways, or for example, 
are the PRS differences better explained by previously identified 
associations between PRS and clinical severity or help-seeking 
status [15, 18]. Such research would not only have implications 
for BD screening but also potentially inform future discussions 
about the optimal classification of BD subtypes according to 
core (or more specific) phenomena.

Other relevant study findings were that the stepwise inclusion 
of different markers of risk associated with FH and PRS made 
small but measurable improvements in the overall accuracy of 
the preliminary prediction model (based on sample character-
istics alone). Also, the proportion of phenotypic variance ex-
plained by the inclusion of PRS (~5%) matches findings reported 
in studies of BD [8, 22, 46] and other mental disorders [47]. Our 
study demonstrated that PRS derived from a PCA-derived di-
mensional model improved the accuracy of the prediction com-
pared with the univariate (disorder-specific) PRS. This approach 
has not yet been used in other studies of BD onset, but other 
researchers have employed this strategy in child and adolescent 
research [20], and Grimes and colleagues [48] found that the use 
of multi-trait PRS improved their prediction model for onset of 
depression in youth. There is a lack of agreement regarding the 
utility of PRS in predicting BD-I and BD-II, as some research, 
such as offspring studies, report that PRS BD is equally useful in 
identifying mania and hypomania [8], whilst other population-
based studies found that the current PRS for BD lacked suffi-
cient power to separate individuals into clinically meaningful 
BD categories [18]. These inconsistent findings may partly be ex-
plained by differences in study design, sampling, and definitions 
of clinical high-risk phenotypes. However, there are broader 
issues facing research using high dimensional genetic data, as 
emerging evidence suggests that PRS for the same disorder, but 
estimated from different discovery GWAS, may lack stability; 
for example ~20% of individuals identified as high risk with one 
PRS for posttraumatic stress disorder (PTSD) were identified as 
high risk with another PRS for PTSD (NB): the stability estimate 
for PRS MDD was about 50% [49]. This is an evolving field, and it 
is hoped that newer PRS estimates will prove to be more stable, 
which will be important if they are to be employed in health ser-
vices for prognostication or clinical decision making. However, 
it is yet to be determined whether dimensional (multi-trait) PRS 
will be more useful than univariate PRS [50], or whether alter-
natives approaches, such as estimating Differential Diagnosis 
PRS (“DDx PRS”) might be a better option for predicting diver-
gent illness trajectories [51].

This proof-of-concept study of BLTS has strengths and weak-
nesses. There is evidence that our study participants are 
comparable to other adolescent and young adult populations 
described elsewhere according to prevalence rates for risk 
factors, CIDI diagnoses and comorbidities [52]. This represen-
tativeness is further reflected in the reported rates of mania 
and hypomania identified in this community-residing cohort. 
However, even though the study specifically utilised analytic 
techniques to cope with the fact that BD cases were in a mi-
nority, we are aware that the model for the prediction of mania 
is based on 30 individuals. Furthermore, it would be incor-
rect to assume that BLTS cohort (a third of which comprised 

monozygotic twins) is representative of all other prospective 
community-based studies in this field. The BLTS cohort cannot 
be regarded as a random sample of the general population and 
so twinning and relatedness were included as potential con-
founders in all the planned analyses. A unique strength of the 
BLTS is that prospective longitudinal clinical ratings are avail-
able as well as FH and PRS data. However, we did not have in-
dependent corroboration of FH and, like many PRS studies, the 
PRS estimates are derived mainly from GWAS in individuals of 
European ancestry. The latter undermines the potential utility 
of including PRS in prediction models in some geographic lo-
cations. In addition, the cost of PRS testing (about 20USD per 
person) may limit opportunities for research or clinical use of 
this approach. It should be noted that, the specific PRS dimen-
sions we used (BD-SCHIZ and MDD-NEU), although similar 
to other multi-state dimensions, have not yet been employed 
elsewhere. It is always important to confirm findings from ML 
models, but the issues highlighted here mean that the predic-
tive models we have identified need replication in indepen-
dent samples and that more diverse data are needed to ensure 
generalisability.

5   |   Conclusions

To date, predicting the onset of BD in young adults has pri-
marily been achieved by estimating the individual level of risk 
associated with a combination of factors representing FH and 
antecedent psychopathology. The recent inclusion of PRS has 
also proved useful for risk stratification in research settings. 
However, previous research has failed to explore the best oper-
ationalization of the different risk factors (FH-BD versus multi-
generational FH; symptoms versus syndromes; disorder-specific 
versus dimensional PRS) and the overall accuracy of most pre-
dictive models has failed to reach the threshold for clinical util-
ity (AUCs = 80%–90%). Furthermore, those models mostly used 
comparator groups that excluded other cases of mental disorders. 
Our study examined the prediction of BD versus other cohort 
members (i.e., healthy individuals, those with psychosis, those 
with MDD etc.). This study contributes to this field of research 
as it identifies which specific combinations of clinical and FH 
information (i.e., routinely available in clinical case notes) and 
PRS data (obtained via a blood test costing ~$20 USD) provided 
the highest prediction accuracy according to a statistical model 
that considered that BD onset only occurs in a small minority of 
most populations. The findings highlight that it is not just what 
you chose to measure (as risk attributes), but how you measure 
it (operationalisation) and how you analyse potential predictors 
in imbalanced samples to ensure the model will always be better 
at predicting the cases (rather than the healthy comparator or 
‘non-case’ class). The insights gained from this proof-of-concept 
study can be used to inform future research in this field, and po-
tentially applications to early intervention mental health clinics.
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