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Abstract

BACKGROUND: Dysfunctional reward processing is implicated in multiple mental disorders.
Novelty seeking (NS) assesses preference for seeking novel experiences, which is linked to
sensitivity to reward environmental cues.

METHODS: A subset of 14-year-old adolescents (IMAGEN) with the top 20% ranked high-NS
scores was used to identify high-NS—associated multimodal components by supervised fusion.
These features were then used to longitudinally predict five different risk scales for the same

and unseen subjects (an independent dataset of subjects at 19 years of age that was not used in
predictive modeling training at 14 years of age) (within IMAGEN, 1~ 1100) and even for the
corresponding symptom scores of five types of patient cohorts (non-IMAGEN), including drinking
(n=313), smoking (= 104), attention-deficit/hyperactivity disorder (r7= 320), major depressive
disorder (n=81), and schizophrenia (n7= 147), as well as to classify different patient groups with
diagnostic labels.

RESULTS: Multimodal biomarkers, including the prefrontal cortex, striatum, amygdala, and
hippocampus, associated with high NS in 14-year-old adolescents were identified. The prediction
models built on these features are able to longitudinally predict five different risk scales, including
alcohol drinking, smoking, hyperactivity, depression, and psychosis for the same and unseen
19-year-old adolescents and even predict the corresponding symptom scores of five types of
patient cohorts. Furthermore, the identified reward-related multimodal features can classify among
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attention-deficit/hyperactivity disorder, major depressive disorder, and schizophrenia with an
accuracy of 87.2%.

CONCLUSIONS: Adolescents with higher NS scores can be used to reveal brain alterations

in the reward-related system, implicating potential higher risk for subsequent development of
multiple disorders. The identified high-NS-associated multimodal reward-related signatures may
serve as a transdiagnostic neuroimaging biomarker to predict disease risks or severity.

Adolescence is a critical development period in which personalities and behavioral
tendencies that extend into personal adulthood are established. Risk taking and novelty
seeking (NS) are among the most prominent behavioral changes observed in adolescence
and are highly correlated (1). Novelty seeking assesses preference for seeking novel
experiences and higher levels of rewarding stimulation, which is a hallmark of typical
adolescent behavior (2), as well as a key personality trait in adolescents that is of critical
importance in transitioning from a dependent child to an independent adult (3). Therefore,
there might be an association between NS outlier scores in adolescents and risk of having
developmental disorders. Coincidently, recent studies show that both adolescent smokers (4)
and problematic drug users (5) exhibit significantly higher NS scores than normal control
subjects. In addition, adolescents show more inclination to risk taking (6) and NS (7),
possibly with a hypersensitivity to reward circuit.

In contrast, reward processing is impaired in multiple disorders, including substance use
disorders (8,9), depression (10-13), and psychosis (including negative symptoms) (14).
The changes of mechanisms underlying reward processing are important for NS behavior
and are also likely to influence depression and psychaosis, albeit in a different way.
Nonetheless, there could still be core properties of reward processing that remain invariant
to modulate distinct psychopathologies. Although there are links between NS and reward
circuitry dysfunction through dopamine modulation (15) and between reward circuitry
dysfunction and multiple disorders, the specific associations and longitudinal impact among
NS, reward circuitry dysfunction, and risks for multiple disorders (including drinking,
smoking, attention-deficit/hyperactivity disorder [ADHD], depression, and psychosis)
remain unexplored in one study.

Recently, a meta-analysis showed that the personality trait is significantly correlated with
almost every psychiatric disorder, including ADHD, bipolar disorder, major depressive
disorder (MDD), and schizophrenia (SZ), based on heritability within the general population
(16). Coincidently, symptomatic and epidemiological comorbidity (17-20) has also been
reported for these mental disorders including bipolar disorder (21), MDD (22), autism
spectrum disorder, and ADHD. Considering the well-validated linkage between NS and
reward processing, we hypothesize that high-NS-associated multimodal brain networks in
adolescents would represent a common dysfunctional circuit among smoking, drinking,
hyperactivity, depression, and psychosis, and that these features are able to predict disease
risk longitudinally in the follow-up adolescents and external patient cohorts.

It is known that NS depends on reinforcement through external or internal (drug experience,
but perhaps also prayer/meditation) novel stimuli. In this study, we are trying to better
understand the structural and functional brain mechanisms that underlie the individual
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cognitive components of reinforcement in relation to NS, namely, reward processing,
impulsiveness, and emotional processing, which play an essential role in forming personality
differences during adolescent development and are implicated in many neuropsychiatric
disorders, including addiction, ADHD, SZ, and depression (23). Here, the IMAGEN (23)
dataset, which is a large cross-sectional European multicenter study of reinforcement
sensitivity in adolescents, was used as a discovery cohort. Many IMAGEN studies have
identified risk biomarkers in healthy adolescents for individual disorders such as smoking,
alcohol use (24), drug abuse (5), ADHD (25), depression (26), and psychosis-like experience
(27), but mostly within one modality or without exploring imaging predictors of symptoms
severity in multiple external patient cohorts. This work aims to address the following
questions to test our hypothesis:

1. Which brain regions are associated with high NS in multimodal magnetic
resonance imaging (MRI) (Figure 1A)?

2. Can high-NS-associated multimodal features identified in 14-year-old
adolescents longitudinally predict the risks of drinking, smoking, hyperactivity,
depression, and psychosis in 19-year-old adolescents (IMAGEN, Figure 1B)?

3. Can high-NS-associated multimodal features be generalized to predict the
symptom scores spanning alcohol drinking, smoking, ADHD, MDD, and SZ
in patient groups (non-IMAGEN, Figure 1C)?

4, How accurately can the high-NS-associated multimodal features classify
multiple clinical disorders (non-IMAGEN, Figure 1D)?

5. Can the high-NS-associated multimodal reward system implicate a generalized
dysfunctional brain circuit spanning these five patient groups (Figure 1E)?

Addressing these questions goes beyond predicting the development of addiction and other
mental health disorders, a worthwhile goal in itself for clinicians. It further allows the
examination and refining of the neural basis common or specific to various psychiatric
disorders.

Specifically, NS scores were used as reference to guide a four-way MRI fusion, including
gray matter volume and three task-related functional MRI (fMRI) contrasts, to identify
the high-NS-associated (top 20% scored) brain regions in 14-year-old adolescents. This
supervised fusion model, multisite canonical correlation analysis with reference + joint
independent component analysis (28), can identify multimodal imaging components
associated with a specific measure of interest (NS). The three representative fMRI tasks
that were used are 1) modified monetary incentive delay (anticipation of large gain vs. no
gain), which relates to reward anticipation; 2) a faces task (angry vs. control) that relates
to emotional processing; and 3) a stop signal task (stop failure vs. baseline) that relates to
reinforcement in adolescents. The identified NS-associated multimodal features in 14-year-
old adolescents were then used to build prediction models for both follow-up (19-year-old
adolescents) disease risk prediction and transdiagnostic symptom severity evaluation, and
even classification among multiple diseases.

Biol Psychiatry. Author manuscript; available in PMC 2021 October 15.
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METHODS AND MATERIALS

IMAGEN Participants

In the IMAGEN project (23), adolescents were recruited through local public schools at
eight sites across Europe. The Temperament and Character Inventory test (29) was used to
evaluate NS. Alcohol and nicotine consumption was assessed by the Alcohol Use Disorders
Identification Test (AUDIT) (30) and Fagerstrom Test for Nicotine Dependence (FTND)
(31). The subjects were screened for psychiatric disorders with the Development and Well-
Being Assessment questionnaire (32), including risk rating scale scores of depression and
psychosis. Gender differences on these clinical scores are shown in Table S1. The study was
approved by the local ethics committees and adhered to the Declaration of Helsinki, and
written informed consents were obtained. The IMAGEN adolescents completed a range of
functional tasks related to reward (modified monetary incentive delay), emotion (faces task),
and reinforcement (the stop signal task) and structural neuroimaging at 14 and 19 years.
Details of each task design, imaging parameters, and preprocessing strategies are presented
under Multimodal Imaging Parameters and Preprocessing in the Supplement.

Non-IMAGEN Cohorts

Patients with SZ (n= 147) were aggregated from Function Biomedical Informatics
Research Network (33) subjects who had no current or past history of other psychiatric

or neurological illness. Patients with MDD (7= 81) were recruited from the West China
Hospital of Sichuan (34,35). ADHD (= 320) data (http://fcon_1000.projects.nitrc.org/
indi/adhd200/index.html) were obtained from the ADHD-200 project (18). Smoking and
drinking subjects came from Erlangen, Germany. Diagnosis of SZ, MDD, and ADHD was
based on the Structured Clinical Interview for DSM-IV. Demographic information of each
diagnosed group and IMAGEN adolescents can be found in Table 1.

Multimodal Fusion With High NS Scores

As displayed in Figure 2, we answered the questions listed in the introduction by

using a dedicated high-NS—guided multimodal fusion (28), multiple cross-prediction, and
multigroup classification analyses. First, a subset of 14-year-old adolescents with top 20%
ranked high-NS scores (correlation between NS and other clinical measures can be found

in Table S2) was selected (125.7 + 4.9, n= 239, 100 male) as a discovery cohort to study

a homogeneity subset with the highest NS scores. These subset adolescents are assumed to
have a higher risk of developing addiction or other psychotic disorders (5). Thereafter, NS
scores were used as a reference to guide a four-way MRI fusion on these top 20% ranked
high-NS adolescents, including gray matter volume and three task-related fMRI contrasts, to
identify the high-NS—-associated brain regions at 14 years. Multisite canonical correlation
analysis with reference + joint independent component analysis imposes an additional
constraint to maximize the column-wise correlations between loading parameters (Ag) and
the reference NS scores (equation 1). Therefore, fusion with NS scores enables identification
of a joint multimodal component(s) that has robust correlations with NS, which, however,
cannot be detected by a blinded N-way multimodal fusion approach.

Biol Psychiatry. Author manuscript; available in PMC 2021 October 15.
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4
max Z [ ||corr(Ak, AJ)”% + 24 - ||corr(Ag, ref)||%] )
Ki=1

where corr(Ag,A;) is the columnwise correlation between Ay and Aj, while corr(A,ref) is
the columnwise correlation between Ay and the reference signal, k,j={1,2,3,4}.

After identifying the high-NS-associated multimodal components in the high-risk subset,
each component was separated into positive and negative brain regions based on the z-scored
brain maps. Thus, we can obtain separate positive and negative brain masks for each of

the four modalities (eight brain imaging networks). The mean of the voxels within the
masked region was calculated for each subject for each of the eight networks, generating

a Ngypj % 8 feature vector (Reward_P, Reward_N, Emotion_P, Emotion_N, Inhibition_P,
Inhibition_N, GM_P and GM_N). Apart from the aforementioned brain imaging features,
we also included the corresponding biomarker loadings (contribution weight across subjects)
of each target component (generating four loading features, i.e., Reward L, Emotion_L,
Inhibition_L; and GM_L). Thus, we formed a feature matrix of NS-associated multimodal
brain features in dimension of Agypj x 12 in total for the prediction analysis.

As for the patient cohorts, there are no task-related fMRI data available, but only resting-
state fMRI. Thus, the brain networks identified from IMAGEN tasks were used as regions
of interest (ROIs) to extract features from patients’ resting-state fMRI. The mean of the
voxels within the ROl was calculated for each subject, generating a Ngyp; % 8 feature
vector for patient cohorts. Linear back reconstruction was performed from the IMAGEN to
non-IMAGEN groups to get loading features (Ngypj x 4) for each patient group. Details can
be found under Linear back reconstruction in the Supplement.

Thereafter, the identified multimodal features (Agypj X 12) in 14-year-old adolescents were
used to longitudinally predict five disease risks/symptoms of the same (17 =239) and the
unseen (77~ 1100, within IMAGEN) subjects (an independent dataset of subjects at 19
years of age that was not used in predictive modeling training at 14 years of age), spanning
drinking, smoking, hyperactivity, depression, and psychosis, and clinical symptoms in 5
independent patient cohorts, including alcohol drinkers (7= 313), smokers (1= 104),
patients with ADHD (7= 320), patients with MDD (= 81), and patients with SZ (n= 147).
Multiple linear regression models (equation 2) were constructed for each of the 5 symptom/
risk rating scale scores in the subset of 14-year-old adolescents, separately. The predictions
of symptom scores in the subset of 19-year-old adolescents and the patient group were made
using the same regression weights obtained from the subset of 14-year-old adolescents.
Thus, no training/additional feature selection was performed on the sample of 19-year-old
adolescents and patients. Details can be found under Prediction in the Supplement

Biol Psychiatry. Author manuscript; available in PMC 2021 October 15.
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Predicted scores = fiy + Rewardp X ff; + Rewardy X
P> + Rewardy, X f3 + Emotionp X
P4 + Emotiony X f5 + Emotiong X
Pe + Inhibitionp X f7 + Inhibitiony X
fs + Inhibitiony, X fig + GM_P X
P10+ GM_N X ;1 + GM_L X f»

@

The classification ability of the identified high-NS-associated multimodal imaging features
was also tested by both binary class and multiclass classification on 5 patient cohorts.
Linear support vector machine was used as the classification model for all the classification
analyses, in which an unbiased 10-fold cross-validation framework was applied. Details can
be found under Classification in the Supplement.

RESULTS

High-NS—Associated Multimodal Brain Networks at Age 14

As shown in Figure 3, one linked reward-emotion-inhibition-GM component was identified
by supervised fusion, showing significant correlations between its loadings and the high-NS
scores in all modalities (r=.280 [false discovery rate (FDR) corrected], fperm = 1.0 x 1074;
r=.254 [FDR corrected], pperm = 1.0 % 1074; r=.366 [FDR corrected], Pperm = 1.0 x

1078; r=.349 [FDR corrected], Pperm = 1.0 X 1077 for reward, emotion, inhibition tasks,
and GM, respectively). pperm represents the p values from the permutation test (Figure S1),
with details provided under Permutation test in the Supplement. This joint component is
also correlated with other personality domains (Figure S2). The identified brain regions are
summarized in Table S3 for task components and GM (Talairach labels), respectively. To
confirm that the extracted high-NS—-associated multimodal patterns are specific to the NS
measures and not a random pattern, we permuted the NS scores in the supervised fusion
analysis. Note that the random pattern (Figure S3) is very different from the identified
high-NS-associated network, supporting the specificity of the relationship to NS (Figure
3A).

Predictive Models Trained on 14-Year-Old Adolescents

Multiple linear regression models were constructed for each of the five symptom/risk rating
scale scores in the subset of 14-year-old adolescents. Pearson correlation coefficients (/)

of .394, .230, .389, .263, and .183 were achieved between the estimated symptom/risk
scores and the true values for drinking, smoking, hyperactivity, depression, and psychosis,
respectively, in the subset of 14-year-old adolescents (Figure 4B), with the corresponding
permuted p values of fyerm = 1.0 x 1078,.0016, 3.0 x 1074, 1.0 x 1074, and .0089,
respectively. Importantly, the prediction results remain significant even regressing out gender
(Figure S4). Note that some of the predicted measures are with discrete values (e.g., Figure
4B, smoker); hence, Spearman correlation was also calculated in addition to the Pearson
correlation, which remains significant for the five risk score predictions as well (Figure

S5). We provide six different predictive accuracy estimation strategies, including 1) Pearson
correlation, 2) Spearman correlation, 3) partial correlation by regressing out gender, 4)

Biol Psychiatry. Author manuscript; available in PMC 2021 October 15.
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normalized root-mean-square prediction error, 5) permutation test, and 6) statistical power to
evaluate the predictive performance, as summarized in Table S4.

Within IMAGEN: Longitudinal Risk Predictions in 19-Year-Old Adolescents

The same predictive models and the brain ROIs identified on the subset in 14-year-old
adolescents were generalized to predict AUDIT (r=.263, fperm = 9.0 X 1075), FTND (r
=.178, Pperm = .0081), hyperactivity (r=.285, fperm = .0084), depression (r=.268, fperm
=3.0 x 107%), and psychosis (7= .325, Pperm = -0011) rating scores on the same subjects

at age 19 (Figure 4C), when most psychopathological symptoms become manifest at this
age. More importantly, the same models can also be generalized to predict risks for a large
number of new, previously unseen subjects at age 19 years on AUDIT (n= 1021, r=.153,
Pperm = 1.0 x 1075), FTND (7= 1105, 7= 102, flperm = 6.0 x 1074), hyperactivity (7=

1037, r=.144, pperm = 1.0 x 1073), depression (7= 1011, r=.132, Pperm = 2.0 X 1079),

and psychosis (/7= 444, r= 186, fperm = 5.0 X 1074) ratings, as shown in Figure 4D.
Similarly, the results calculated with Spearman correlations or gender controlled still remain
significant (Figures S4 and S5). For psychosis, the variability of psychosis scores is not
homogeneous, i.e., most of the adolescents do not have psychotic symptoms; a few of them
have a risk for developing psychosis, but they are not diagnosed as having SZ. Thus, we also
performed a two-sample #test of these outlier subjects between the other subjects. For the
outliers with significantly higher true psychosis rating scales, the predicted values were also
significantly higher (p< 1.0 x 10720) than those of the others. Longitudinal prediction on the
same subjects also holds sufficient statistical power.

Non-IMAGEN: External Disease Symptom Predictions

Both the prediction models and the brain ROIs identified in 14-year-old adolescents can be
successfully generalized to predict symptoms for five types of diagnosed patients, spanning
AUDIT for drinkers (r=.306, fperm = 2.0 X 10~7), FTND for smokers (r=.341, Pperm = 5.0
x 1074), inattentive for ADHD (7= .206, fperm = 7.0 x 1074), Hamilton Depression Rating
Scale for MDD (r=.385, fperm = 1.0 x 107%) and Positive and Negative Syndrome Scale
Negative for SZ (r= 211, pperm = .0122), as displayed in Figure 4E. The predictions were
adequately powered (1-8= .99, .95, .94, .95, .84) and also remain significant with either
Spearman correlation or gender controlled (Figures S4 and S5). Although the identified
high-NS-associated brain ROIs can be used to predict five different types of symptom
scores, the contribution weights (81, B»,.., B12 as in equation 2) of imaging features for each
disease model are different (Figure S6).

Potential to N-Way Classification

Besides predicting the continuous values such as disease severity, the potential of the
identified high-NS—associated multimodal features to discriminate multiple types of patients
(multiclass classification) were also tested. The same imaging features as used in symptom
prediction were adopted, with the site, age, and gender regressed out before classification.
As displayed in Figure 5A, the binary classification accuracy between control subjects
(n=1094) and all kinds of patients (7= 965) is 84.4%. For multigroup classification,
accuracy of 74.9% (Figure 5B), 79.4% (Figure 5C), and 87.2% (Figure 5D) was achieved,
respectively, for six-group, five-group, and three-group classifications. Particularly, the area

Biol Psychiatry. Author manuscript; available in PMC 2021 October 15.
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under the curve is 0.98 for classifying ADHD, MDD, and SZ; in all cases, the area

under the curve is higher than 0.91, showing promise for clinical utility of the identified
NS-associated biomarkers. Furthermore, the classification results were not consistent with
the null distribution (36) (Figure S7).

A Shared Multimodal Network

To find a generalized dysfunctional brain network spanning drinking, smoking,
hyperactivity, depression, and psychosis, we further overlay all the identified high-NS—
associated brain regions across four modalities (Figure S8), with different task fMRI
capturing different brain-activated subregions. Consequently, the prefrontal cortex (PFC),
striatum, amygdala, and hippocampus are shown as the most consistent brain regions over
the four modalities, which are also the key nodes of the human reward-related system.

DISCUSSION

Based on rigorous longitudinal and transdiagnostic cross-validation leveraging six
independent datasets, our data-driven analysis revealed that there is a degree of dependence
among drinking, smoking, ADHD, MDD, and SZ and suggested that an apparent partially
shared deficit in addiction and psychiatric disorders may arise from a common NS-
associated dysfunction (37). Results suggest that 1) high NS in adolescents is associated
with alterations in the reward-related system that may implicate higher risk for subsequent
development of the abovementioned disorders, and 2) the identified high-NS-associated
multimodal network may serve as a transdiagnostic neuroimaging biomarker to predict
disease severity as well as classify among ADHD, MDD, and SZ.

Specifically, the most spatially consistent brain regions identified associated with high NS
in four modalities were the PFC, striatum, amygdala, and hippocampus. Both the ventral
striatum and PFC are key components of the reward system (38—-40), while the amygdala
and hippocampus are core regions involved in the regulation of reward (41). Moreover, it

is striking that a common set of imaging signatures involving the reward-related system
may predict individuals on their subsequent development of the five dissimilar clinical
syndromes here studied. One recent genetic study demonstrated that common variant

risk for psychiatric disorders was shown to correlate significantly among ADHD, MDD,
bipolar disorder, and SZ (16). Another large genome-wide association study also shows
that alcohol dependence reveals a common genetic underpinning with psychiatric disorders,
including Sz, ADHD, and MDD (42). Both suggest that there is shared genetic substrate
among addiction and psychiatric disorders. Coincidently, we discovered imaging evidence of
high-NS—guided brain alternations sharing among five disorders. Overall, these findings
are consistent with the fact that addiction and psychiatric disorders share genetic and
environmental risk factors in their critical neurodevelopmental period, which manifests as
subtle brain abnormalities involving the reward system and subclinical behaviors during
childhood/adolescence before the full clinical syndrome manifests at an older age.

There are studies that support the link between high NS and dopaminergic activity via
the dopamine D4 receptor gene (DRD4) (43,44). Moreover, individuals who had longer
alleles of DRD4 had higher NS scores than individuals with the shorter allele (45). The

Biol Psychiatry. Author manuscript; available in PMC 2021 October 15.
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overall effect of dopamine when exposed to a novel stimulus is a mass release of the
neurotransmitter in the reward systems of the brain (46). Because of this effect, NS

has been linked to personality disorders as well as substance abuse and other addictive
behaviors (5). At the behavioral level, both human and rodent models demonstrate that high
NS can predict the initiation of addiction (15,47). At the molecular level, both NS and
addiction are modulated by the reward system in the brain through dopamine (3). There

is also robust evidence showing that SZ involves increased striatal presynaptic release,

and all antipsychotic drugs used to treat SZ are dopamine D, receptor blockers (48).
Conversely, ADHD and MDD are associated with decreased dopamine activity (49,50).
More specifically, stimulants are the standard treatment for ADHD, and they work by
increasing the availability of synaptic dopamine (51). These findings are generally consistent
with our results that the identified high-NS—associated multimodal features can predict risk/
symptom scores for not only addiction but also psychiatric disorders, including ADHD,
MDD, and SZ. Therefore, our results converge with this broad literature and support the
premise that dopaminergic dysregulation of NS-associated brain networks underlies high NS
behavior in addiction and psychiatric disorders.

This work also helps refocus the clinical community on the risk biomarker identification.
That the high-NS—-associated multimodal reward-related imaging features differentiate
between patients and healthy control subjects with 84.4% accuracy is informative but not
particularly useful. However, the 87.2% accuracy in classification among SZ, MDD, and
ADHD groups is potentially clinically significant. Because approximately 50% of patients
with psychiatric illness have at least one additional lifetime diagnosis of a comorbidity
(18,52), reliable diagnostic classification remains challenging (53). For example, prevalence
of depression in patients with SZ is 25% (54), and adolescent depression may progress

to SZ (55). Furthermore, the comorbidity of SZ and depression makes the diagnosis of
schizoaffective disorder particularly difficult (56), especially in adolescence (57). Although
diagnostic classification may be straightforward in many patients, there remains a significant
subgroup (58), often of hard-to-treat patients, for whom an additional biomarker analysis
may increase diagnostic reliability (59) and support treatment decisions. Hence, this study’s
ability to discriminate between depression and SZ may be developed into a useful clinical
application. For these patients, performing a 10-minute structural MRI and resting-state
fMRI acquisition is potentially feasible. Although we emphasized that the identified high-
NS-associated multimodal reward circuit may serve as a common dysfunction underlying
drinking, smoking, ADHD, MDD, and SZ, its specificity in discriminating among ADHD,
MDD, and SZ indicates that this common reward network may work differently or alter to a
different extent among these three disorders.

Note that for the external patient cohorts, we had only resting-state fMRI data instead

of the same task-related fMRI data as in IMAGEN. Nonetheless, we extracted the same
ROIs from resting-state fMRI as those identified from task-related fMRI. The structural
scans of non-IMAGEN cohorts also show certain difference from the IMAGEN/ADNI
protocol. However, our study shows excellent reproducible performance from task to rest
brain networks, without specifically matching the imaging parameters, either in prediction
or in classification. This suggests that it is the combination of the subregions of the
reward network from each task modality playing the most important role in prediction,
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which is also verified when removing one predictor related to either emotion processing
(Figure S9) or inhibition control (Figure S10); consequently, the prediction accuracy and
generalizability in both longitudinal adolescents and external patient cohorts decreased.
Nonetheless, replication in a new clinical cohort (non-IMAGEN) will be necessary with
greater emphasis on specific recommendations for clinical implementation (60).

One possible limitation is that we used only NS as the reference to identify multimodal
neuroimaging features. There may be other useful personality or social functional features
to serve as a reference, such as harm avoidance, which is more associated with MDD

than is NS (61). It is possible that the harm avoidance—associated multimodal features may
achieve better prediction for a single disorder, such as MDD. However, our study focused
on identifying a common and generalized imaging pattern emerging in adolescence that
could predict the development of psychiatric disorders. We did not tailor the study to predict
the development of one specific disorder. Note that though some of the predicted measures
(Figure 4) involve discrete values, we also provide several different predictive accuracy
estimation strategies (Table S2), and each of these criteria provides a different approach

to measure the predictive accuracy. Although site, age, and gender were regressed out

from the multimodal feature matrix before classification analysis, site and age (the ADHD
group is younger than the other groups) should be considered as potential confounding
factors when interpreting the classification results. Another limitation involves the impact of
comorbidities. We confirm that the ADHD subjects had no current or past history of other
psychiatric or neurological iliness. However, for the other non-IMAGEN patient groups (SZ
and MDD), comorbidity assessments for smoking and drinking were not available. Future
analysis should examine the classification ability of the identified high-NS—associated
multimodal features on comorbid psychiatric conditions.

Conclusions

In conclusion, a specific brain network involving reward-related structures (i.e., the PFC,
striatum, amygdala, and hippocampus) appears to underlie the personality trait of NS

in mid-adolescence. Variation in this network could predict the development of various
dysfunctional behaviors in late adolescence. It also predicts symptom severity in the
corresponding clinical populations (i.e., smokers, alcoholics, ADHD, SZ, and MDD).
Finally, this network variation can accurately classify among the ADHD, SZ, and MDD
groups, highlighting the potential of a multimodal neuroimaging approach for future
biomarker development. Collectively, this study goes beyond a specific psychiatric condition
to identify shared neuroimaging patterns in multiple brain disorders (62) by multimodal
fusion and tests the role of transdiagnostic risk factors by both longitudinal risk prediction
and cross-patient classification validation.
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Figure 1.
Study design. (A) Identify high-novelty seeking (NS)-associated multimodal brain networks

on the top 20% NS scored adolescents at age 14 (239 out of 1378, IMAGEN). (B)
Follow-up study within IMAGEN: to evaluate whether the identified high-NS—associated
multimodal features can longitudinally predict five different risk scores for the same subjects
(n=239) and the unseen youth (7= 1100) at 19 years of age. (C) External patient

cohort verification, 7= 965: to determine whether high-NS-associated features can predict
symptom scores for alcohol drinking (Alcohol Use Disorders Identification Test [AUDIT]),
smoking (Fagerstrém Test for Nicotine Dependence [FTND]), attention-deficit/hyperactivity
disorder (ADHD) (hyperactivity), major depressive disorder (MDD) (depression), and
schizophrenia (SZ) (psychosis). (D) Classification between patients (/7= 965) and control
subjects (7= 1094) as well as among different patient groups. (E) A generalized
dysfunctional multimodal brain circuit spanning alcohol, smoking, hyperactivity, depression,
and psychosis. Depress, depression; HDRS, Hamilton Depression Rating Scale; Hyperac,
hyperactivity; PANSS, Positive and Negative Syndrome Scale; Psychos, psychosis.
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Figure 2.
The analysis flowchart. Novelty-seeking (NS) scores were used as a reference to guide a

four-way multimodal fusion to identify a set of multimodal imaging biomarkers, each of
which was separated as positive and negative brain regions based on the z-scored brain
maps, plus the corresponding biomarker loadings, resulting in 12 features for the following
prediction analysis. Multiple linear regression models were constructed for each of the

five risk scores including alcohol use, smoking, hyperactivity, depression, and psychosis in
the subset of 14-year-old adolescents. Then, the same prediction models were applied to
longitudinally predict each of the five risk scores of the same subjects and the large set of
unseen healthy adolescents at 19 years of age. The same models were also used to predict
corresponding symptom scores of five types of patients, including alcohol drinkers, smokers,
and patients with attention-deficit/hyperactivity disorder (ADHD), major depressive disorder
(MDD), or schizophrenia (SZ). Finally, binary class and multiclass classification analysis
were performed to verify the classification ability of the identified high-NS-associated
multimodal imaging features. FTND, Fagerstrdm Test for Nicotine Dependence; GM, gray
matter; HC, healthy control subjects.
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The identified high-novelty seeking—associated multimodal joint components in the subset
of 14-year-old adolescents. (A) Spatial brain maps visualized at |Z| > 2. (B) Correlation

scatter plot between novelty-seeking scores and loadings of component for each modality.
GM, gray matter; IC, independent component.
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Figure 4.

Prediction results based on the identified high-novelty seeking (NS)-associated multimodal
brain imaging networks. (A) Positive (red) and negative (blue) brain maps of the z-scored
components and the corresponding loading parameters (columns). Loadings represent the
contribution weight of the corresponding component across subjects. (B) Regression models
trained on the subset of 14-year-old high-risk adolescents on five different risk scores.

(C) Within-IMAGEN longitudinal predictions on five risk scores for the same 19-year-

old adolescents (7= 239) using the same prediction models as in panel (B). (D) Within-
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IMAGEN longitudinal predictions for the other unseen 19-year-old adolescents (77~ 1100).
(E) Generalized prediction for independent patients diagnosed as drinking, smoking, or
having attention-deficit/hyperactivity disorder (ADHD), major depressive disorder (MDD),
or schizophrenia (SZ) (n=964). The nin each subplot represents the number of subjects
with that kind of risk scores. Here rrepresents correlation between true values and the
predicted values; pperm represents the p values of permutation test, and 1-4 represents the
statistical power. *False discovery rate correction for multiple comparisons; “Bonferroni
correction. A summarized table on the prediction accuracy estimation by including 1)
Pearson correlation, 2) Spearman correlation, 3) partial correlation by regressing out gender,
4) normalized root-mean-square prediction error, 5) permutation test, and 6) statistical power
can be found in Table S4. AUDIT, Alcohol Use Disorders Identification Test; FTND,
Fagerstrom Test for Nicotine Dependence; GM, gray matter.
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Figure 5.

Receiver operating characteristic curves and confusion matrices obtained from the
classification based on the identified features. (A) Binary classification between all the
patients and healthy control subjects (HC). (B) Six-group classification among HC, alcohol
drinking, smoking, attention-deficit/hyperactivity disorder (ADHD), major depressive
disorder (MDD), and schizophrenia (SZ). (C) Five-group classification among HC, alcohol
drinking, ADHD, MDD, and SZ. (D) Three-group classification among ADHD, MDD, and
SZ. The rows in each confusion matrix show the true group label, and the columns show
the predicted label. The diagonal colorful cells (true positive rate) show where the true
labels and predicted labels match. The off-diagonal cells (gray, false-negative rate) represent
the misclassified percentage. ACC, accuracy; AUC, area under the curve; ROC, receiver
operating characteristic.
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