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In a recent study, a neuroanatomical-based age prediction model observed neuromaturational deviance among
clinical high-risk individuals who developed psychosis. Here we aimed to investigate whether incorporating
“brain age gap” (discrepancy between neuroanatomical-based predicted age and chronological age) to the
North American Prodromal Longitudinal Study risk calculatorwould enhance prediction of psychosis conversion.
The effect of brain age gap was significant (HR= 1.21, P=0.047), but its predictive variance was found to over-
lap entirely with age at ascertainment, consistent with the view that greater brain-age gap and earlier age at
onset of prodromal symptoms are correlated indicators of insidious-onset forms of psychosis.
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1. Introduction

We recently published a risk calculator that can ascertain the proba-
bility of conversion to psychosis in individual patients with a prodromal
risk syndrome (Cannon et al., 2016). Higher levels of unusual thought
content and suspiciousness, greater decline in social functioning,
lower verbal learning and memory performance, slower speed of pro-
cessing, and younger age at baseline each contributed to individual
risk for psychosis. The multivariate model was comparable in accuracy
to risk calculators for cardiovascular disease and cancer and was
Hillhouse Avenue, NewHaven,

).
validated in an independent external dataset (Carrión et al., 2016;
Kattan et al., 2013; Lee et al., 1999; Specht et al., 2005). Nevertheless,
there is room for improvement in the prediction of psychosis. Critically,
given the field's current focus on the elucidation of predictive bio-
markers, a question of major importance is whether any biological
tests can improve prediction over and above the set of clinical, demo-
graphic and cognitive measures currently in the risk calculator.

Some promising leads on the use of biological assays to predict psy-
chosis among CHR cases have emerged using empirically-based discov-
ery approaches, including machine learning algorithms for gray matter
variations in structural brain images (Koutsouleris et al., 2009, 2014).
However, the performance of such models may be limited by difficulty
in adequately accounting for the backdrop of variation in normative ad-
olescent brain development and the strong likelihood of heterogeneity
in the pathways leading to full psychosis.
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Table 1
Statistics for individual predictor variables in the multivariate Cox proportional hazards
regression analysis of conversion to psychosis.

Predictor Base model Full model Full model
without age

Hazard
Ratio

P value Hazard
Ratio

P value Hazard
Ratio

P value

Modified P1 + P2b 1.48 b0.0001 1.48 b0.0001 1.46 b0.0001
Decline in social
functioning

1.26 0.02 1.26 0.095 1.29 0.005

HVLT 0.95 0.036 0.46 0.023 0.94 0.012
BACS 0.99 0.17 0.99 0.21 0.99 0.218
Age 0.97 0.32 0.98 0.40 NA NA
Brain age score NA NA 1.18 0.08 1.21 0.047
C-indexa 0.69 0.70 0.70

BACS = Brief Assessment of Cognition in Schizophrenia; SIPS = Structured Interview for
Prodromal Syndromes; HVLT-R = Hopkins Verbal Learning Test-Revised.

a Harrell's C-index (equivalent to the area under the receiver operating characteristic
curve) was used to quantify the discrimination ability for separating converters and
nonconverters.

b The base model included only the modified SIPS P1 + P2 score; the C-index for the
base model was 0.66.
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To address these limitations, we recently applied the “brain age”
model to individuals diagnosed with psychosis risk syndrome to
quantify deviance in brain maturation (i.e. gap between chronological
age and “brain age”, hereafter referred as brain age gap) for each subject
at the point of scan (Chung et al., 2018). The neuroanatomical-based age
prediction model was successfully validated in an independent sample.
CHR individuals ascertained at younger ages (i.e., 12 to 17 years) were
observed to show deviance from the normal neuromaturational pattern
(i.e., a gap between “brain age” and chronological age), which in turn
was predictive of greater risk of conversion to psychosis and a pattern
of stably poor functional outcome. In contrast, individuals who were
18 years of age or older showed age-normative neuroanatomical
profiles at ascertainment (i.e., no gap between “brain age” and chrono-
logical age). A reevaluation of our prior findings showing a steeper rate
of cortical thinning over time among CHR cases who converted to
psychosis revealed that this effect was unique to the cases who were
18 years or older at ascertainment and did not apply to the younger
cases (Cannon et al., 2015; Chung et al., 2018). This pattern is consistent
with the view that neuroanatomical deviance manifesting in early
adolescencemarks vulnerability to a formof psychosiswith an insidious
onset and debilitating course of illness, while accelerated cortical
thinning marks vulnerability to a more acute onset form of illness that
does not manifest until late adolescence and early adulthood.

Herewe sought to determinewhether the brain age gap effect added
significantly to theprediction of psychosiswhen included in theNAPLS2
risk calculator.

2. Methods

This study utilized the NAPLS2 sample, including a total of 476 CHR
individuals who were followed up clinically for a minimum of 2 years
and who had MRI data available at baseline (67 of whom converted to
psychosis within a 2-year period). Brain age gap was added to the set
of predictors in the NAPLS2 risk calculator: age (years), prodromal
symptom severity (modified sum of SIPS items P1:unusual thought
content + P2: suspiciousness), symbol coding score from the Brief
Assessment of Cognition in Schizophrenia (BACS), score from theHopkins
Verbal Learning Test (sum of trials 1–3; HVLT-R), and decline in social
functioning in the year prior to ascertainment (Global Functioning:
Social scale); all predictors were selected a priori based on two or
more published studies (Cannon et al., 2016), and the risk calculator
model was externally validated (Carrión et al., 2016). In order to
preserve degrees of freedom for the present analysis, we pruned the
model by excluding stressful life events, trauma, and family history as
they were not significant predictors in the previous univariate and
multivariate analysis (Cannon et al., 2016). Given that brain age score
is predictive of psychosis only among younger adolescents who are
under 18 years of age (Chung et al., 2018), we computed an interaction
(i.e., multiplicative) term between brain gap and bifurcated chronolog-
ical age, prior to adding to the risk calculator, such that the younger
adolescents (aged 12 to 17) were grouped together (and dummy
coded as 1), and the older cases (aged 18 and above) were grouped
together (dummy coded as 0). The pruned base model and the full
model that included brain age gap are as summarized below.

Base Model:

Ageþ SIPS P1&P2þ Decline in Social FunctioningþHVLTþ BACS

Full Model (Base Model + Brain Age Gap):

Ageþ SIPS P1&P2þ Decline in Social Functioningþ HVLTþ BACS
þBrain Age Gap interaction term between brain age gap and dummy coded ageð Þ

As in our original study, multivariate Cox proportional hazards
regression was used to test themodels, whichwere internally validated
using 1000 bootstrap resamples and evaluated with Harrell's C-index to
quantify the discrimination ability for separating psychosis converters
and non-converters. The C-index is similar in interpretation to the
area under the receiver operating characteristic curve, with a range of
0.5 (no discrimination) to 1 (perfect discrimination) and optimized for
censored data.

3. Results

At the univariate level, the brain age gap effectwas predictive of con-
version to psychosis (C-index = 0.63%, P b 0.05) (Chung et al., 2018).
The results of the multivariate model testing are shown in Table 1.
Based on the bootstrap internal validation, the base model achieved a
C-index of 0.70 in this sample. The C-index increased by 1% when the
brain age gap effect was added to the base model, but this effect was
not significant. That the brain age gap effect was predictive of conver-
sion to psychosis at the univariate but not multivariate levels indicates
that it shares predictive variance in common with other model term
(s). Given that earlier age at ascertainment is associated with higher
conversion risk and greater brain age gap in this sample, age and brain
age gap are likely index the same underlying predictive variance. As
shown in Table 1, we tested this hypothesis by removing age from the
expanded model; when this was done, the brain age gap effect became
significant (Hazard Ratio = 1.21, P = 0.047), with no reduction in C-
index compared to the model including age.

4. Discussion

The aim of this studywas to investigatewhether incorporating brain
age gap (as an indicator of neuroanatomical deviance from the normal
maturational trajectory) to the existing NAPLS2 risk calculator would
enhance predictability of conversion to psychosis among individuals di-
agnosed with psychosis risk syndrome (Cannon et al., 2016). The brain
age gap effect was a significant predictor of psychosis at the univariate
level (Chung et al., 2018); at the multivariate level, its predictive
variance was found to be shared with age at ascertainment, which is
to be expected given that earlier age at ascertainment is associated
with higher conversion risk and greater brain age gap in this sample
and given that earlier age at ascertainment and greater brain age devia-
tion are presumably indicative of insidious onset forms of psychosis.

The contribution of neuroanatomical deviance to the existing
psychosis risk prediction model was small. Given that the brain age
gap is only relevant for risk prediction in individuals with earlier age
at ascertainment (17 years of age or younger), this composite metric
is applicable to only about one third of the NAPLS2 sample, as the age
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criteria of the psychosis risk syndrome typically extends from 12 to
35 years of age. Therefore, the parameter coefficient for the brain age
score is not useful for explaining risk for CHR cases who are 18 years
or older at ascertainment. For the older CHR cases who are at height-
ened risk for late neurodevelopmental disturbances, other biological
assays such as proinflammatory cytokine markers from plasma could
potentially enhance prediction as it has shown to be closely correlated
with steeper rate of cortical thinning over time in older CHR cases
(over 18 years of age)who converted to psychosis (Cannon et al., 2015).

Given that CHR individuals with an earlier age at onset of prodromal
symptoms with contemporaneous neuroanatomical deficit are still at
risk for experiencing later neuromaturational disturbances once they
become older adolescents, themaximum of a 2-year follow-upwindow
may not be long enough for younger adolescents to determine their true
clinical outcome; thismay have introduced false negative cases in terms
of clinical outcome if the last assessment point was prior to late
adolescence. If this is true, longer follow-ups until their true outcome
is realized could potentially improve the relative importance of
neuroanatomical deviance as a biological risk factor. In addition,
replication of the full model in external validation dataset is warranted
to rigorously test generalizability (Cannon et al., 2016; Carrión et al.,
2013; Fusar-Poli et al., 2017, 2018).

Although neuroanatomical deviance is presumably a more proximal
indicator of insidious onset forms of psychosis than age at ascertain-
ment, given the high cost of a magnetic resonance imaging scan and
the fact that it only makes small contribution to the overall risk
prediction, measuring brain age is not a practical option for clinical
use. However, finding a relatively inexpensive ways to early detect
insidious onset types is encouraged as the prognosis for this form of
psychosis is poor. Age at prodromal symptom onset, objective records
(e.g., medical records, academic reports, psychological evaluations
etc.), or interview-based retrospective rating scales such as premorbid
adjustment scale (PAS) could be potentially used together for identify-
ing insidious onset types (Cannon-Spoor et al., 1982).
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