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Abstract

An opportunity has opened for research into primary prevention of psychotic disorders, based

on progress in endophenotypes, genetics, and genomics. Primary prevention requires reliable
prediction of susceptibility before any symptoms are present. We studied a battery of measures
where published data supports abnormalities of these measurements prior to appearance of initial
psychosis symptoms. These neurobiological and behavioral measurements included cognition,
eye movement tracking, Event Related Potentials, and polygenic risk scores. They generated an
acceptably precise separation of healthy controls from outpatients with a psychotic disorder.

Methods: The Bipolar and Schizophrenia Network on Intermediate Phenotypes (B-SNIP)
measured this battery in an ancestry-diverse series of consecutively recruited adult outpatients
with a psychotic disorder and healthy controls. Participants include all genders, 16 to 50 years

of age, 261 with psychotic disorders (Schizophrenia (SZ) 109, Bipolar with psychosis (BPP) 92,
Schizoaffective disorder (SAD) 60), 110 healthy controls. Logistic Regression, and an extension
of the Linear Mixed Model to include analysis of pairwise interactions between measures
(Environmental kernel Relationship Matrices (ERM)) with multiple iterations, were performed to
predict case-control status. Each regression analysis was validated with four-fold crossvalidation.

Results and Conclusions: Sensitivity, specificity, and Area Under the Curve of Receiver
Operating Characteristic of 85%, 62%, and 86%, respectively, were obtained for both analytic
methods. These prediction metrics demonstrate a promising diagnostic distinction based on
premorbid risk variables. There were also statistically significant pairwise interactions between
measures in the ERM model. The strong prediction metrics of both types of analytic model
provide proof-of-principle for biologically-based laboratory tests as a first step toward primary
prevention studies. Prospective studies of adolescents at elevated risk, vs. healthy adolescent
controls, would be a next step toward development of primary prevention strategies.

Keywords

Psychosis; prevention; diagnostic tests; prediction metrics; event-related potentials; cognition; eye
movements; polygenic risk score

1. Introduction and hypothesis

1.1 Background.

Two decades ago the focus of prevention research in Schizophrenia converged onto
prodromal patients who present with some features of the illness but not enough to yet

meet diagnostic criteria (Cornblatt et al., 2002). Previously there were two separate research
approaches pertinent to prevention, pre-prodrome research, focused largely on investigation
of high risk persons based on family history, and prodromal studies focused on studying
and treating early presentations of psychotic symptoms in persons at risk of progressing to
chronic psychosis. The North American Prodrome Longitudinal Study (NAPLS) reflects the
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focus on prodrome, and has contributed significantly to understanding the early trajectory of
psychatic disorders (Addington et al., 2020; Perkins et al., 2020).

In the decades before this shift, however, several salient aspects of the pre-prodromal state
had been discovered. Particularly, eye movement tracking, and auditory Event Related
Potential (ERP) abnormalities that are present in Schizophrenia were demonstrated to be
present in persons who later developed Schizophrenia, or in persons at increased genetic risk
of Schizophrenia (by family history). Furthermore, in the two decades since, the concept of
Schizophrenia as a neurodevelopmental disorder beginning in utero has taken hold (Murray
and Lewis, 1987; Weinberger, 1986), and genome-wide association has demonstrated
specific sets of genotypes to be associated with Schizophrenia (including Schizoaffective
disorder), in a polygenic pattern of inheritance (Ripke et al., 2014). The polygenic
predisposition to Schizophrenia was found to overlap greatly with Bipolar disorder and
Major Depressive Disorder (Purcell et al., 2009). Measurements of cognitive, eye movement,
and Event Related Potentials (ERP), as well as other measurements, were shown to
aggregate across three psychosis diagnoses (Schizophrenia, Schizoaffective disorder, and
Bipolar disorder with psychosis), adding more weight to the concept of a psychosis diathesis
(Clementz et al., 2016). Importantly these alterations are found in young relatives of
psychatic patients, as well as in ill patients, consistent with the notion that they represent
trait markers of risk for illness (Keshavan et al., 2005). The most convincing evidence on the
pre-prodrome state in Schizophrenia would consist of prospective observations in patients
prior to the onset of symptoms, including genotype observations that are made later but by
their nature are prospective.

As an initial step toward primary prevention based on prospective prediction of a psychotic
disorder, we develop here predictions of psychosis based on multivariate analysis of
measures known to be abnormal prior to symptom onset. We apply prediction metrics,
including specificity, sensitivity, and overall accuracy, to differentiate of patients with
psychosis diagnoses from healthy controls. Prediction of case or control status is measured
in subsets of the data, with cross-validation, where estimates based on part of the data

are applied to the rest of it. We employ iterative multivariate analyses of cognition,

Event Related Potentials (ERPSs), and eye tracking movements, and satisfactorily separate a
mixture of patients with psychotic disorders and healthy individuals. Further research would
be needed, of course, to replicate these findings, and to demonstrate them prospectively in
persons who later develop psychotic disorders. Other measurements, particularly static and
functional brain imaging, and resting state EEG measures, and molecular phenotypes based
on genetic information, might also prove useful, but we focus here on a particular set of
measurements that are supported as prospective markers by earlier evidence.

1.2. Previous studies have used prediction metrics,

and machine learning, to distinguish psychotic disorder patients from controls. Sweeney

et al. (Sweeney et al., 1994) studied eye tracking as a predictor of psychotic disorder,
without overlapping the sample in the current study. They found that low pursuit gain has
moderately high sensitivity but only modest specificity for schizophrenia. Johannsen et al.
(Johannesen et al., 2013), examined the diagnostic efficiency of ERPs P50, P300, and N100
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in schizophrenia (SZ) as compared with healthy (HN) and bipolar disorder samples. Cross-
validation was used to demonstrate stability of results. N100 and spectral power measures
improved classification accuracy of SZ vs HN, with sensitivity = .78, and specificity = .80.

Rozycki et al. (Rozycki et al., 2018), seeking a neuroanatomical signature of Schizophrenia,
studied multiple measures including regional volumes, voxelwise measures, and complex
distributed patterns. Analyses were performed by advanced machine learning methods, and
the findings included cross-validated prediction accuracy of 0.76 and Area Under the Curve
(AUC) of 0.84. These are impressive metrics, but there is no data on whether these variables
are in the same state prior to onset of illness.

1.3. Evidence on presence of pre-prodromal associations with psychosis risk in

cognition, eye tacking movement, and ERP. Cognitive deficits are present in Schizophrenia,
and there is a good deal of evidence that these deficits are present long before onset. Cannon
et al (Cannon et al., 2000) reported on 72 patients with Schizophrenia or Schizoaffective
disorder, 33 of their siblings without any mental health diagnoses or treatment, and 57
healthy controls without ill siblings, ascertained from a carefully followed US birth cohort
of approximately 8000 individuals who had been evaluated with WISC and Stanford-Binet
1Q, which are standardized tests of cognitive functioning, at 4 and 7 years of age. Follow-
up diagnoses were based on these individuals at 30 to 35 years of age. The psychosis
patients, and their siblings, had significantly lower IQ scores than the controls, after
controlling for multiple demographic and environmental variables. Their conclusion was that
“premorbid cognitive dysfunction in schizophrenia represents a relatively stable indicator

of vulnerability deriving from primarily genetic (and/or shared environmental) etiologic
influences.” These conclusions remain current (Woodberry et al., 2008) (Sheffield et al.,
2018).

Abnormalities in auditory electrophysiological evoked responses (ERPs), which are
currently thought to reflect a fundamental brain deficit in psychosis (Javitt and Sweet,
2015), have also been found in the children at increased genetic risk of psychosis. Reduction
in Schizophrenia patients of the late-positive potential at ~300 msec after a particular
auditory stimulus, one of the first and most replicated ERP findings in psychosis, was
studied in children of patients with Schizophrenia by Friedman, Vaughan, and Erlenmeyer-
Kimling (Friedman et al., 1982). They ascertained 41 children of patients admitted to a

New York hospital with Schizophrenia, and compared them with 45 children of separately
ascertained normal controls, and tested them in two samples, which had mean ages of

15 and 11. They found significant reductions in ERP amplitude in the children at risk

under specific conditions, including stimulus relevance, which were consistent with the adult
Schizophrenia findings.

Eye movement: Levy et al. (Levy et al., 2010) state, in an historical review, that the
independent rediscovery of smooth pursuit eye movement impairment by Holzman and
colleagues (Holzman et al., 1973; Holzman et al., 1974), otherwise known as eye tracking
dysfunction (ETD), is one of the most widely replicated behavioral deficits in schizophrenia,
and is found in unaffected relatives. Jacobsen et al. (Jacobsen et al., 1996) studied 17
schizophrenic children with onset of illness by age 12, 18 ADHD children, and 22 normal
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children. Eye tracking variables were compared across the three groups. Schizophrenic
children exhibited significantly greater smooth pursuit impairments than either normal

or ADHD subjects. Kukuchi et al (Kikuchi et al., 2018) did genome-wide association
analysis of eye movements in schizophrenics and controls that included a horizontal position
gain measurement of smooth pursuit (HPG). They found significant functional genomic
associations with HPG at several chromosomal locations in patients, and one association that
was significant in the combined patient and control sample. Together, these studies imply
that the eye tracking abnormalities found in psychosis occur early in life and are genetically
determined.

Most common diseases, including major mental disorders with psychosis, are largely
polygenic, involving numerous small effect common variants, and in rare cases
chromosomal rearrangements or small mutations. Based on genome-wide SNP analyses,
there is considerable polygenic overlap of the psychotic disorders studied in this paper
(Consortium and Smoller, 2013; Lee et al., 2013). In the psychotic disorders, Polygenic
Risk Scores for Schizophrenia (PRS) were introduced in 2009, and included Schizoaffective
disorder (Purcell et al., 2009). This score is applicable to other disorders with psychosis,
including Bipolar Disorder, and we include PRS in the predictive tests studied here.

Laboratory tests that were predictors of the development of psychotic disorders, before any
symptoms appeared, similar to serum LDL cholesterol in atherosclerotic disorders, might
lead to very early detection of high risk, and strategies for primary prevention of these
disorders. At this time, and despite the progress detailed above, we lack tests that would
meet accepted standards for prediction metrics, which include accuracy, sensitivity, and
specificity (Bzdok et al., 2020). Although there is very great statistical significance of PRS
in comparing patients vs. controls (Khera et al., 2018), there is no current set of predictors,
including PRS, that satisfy accepted prediction metrics to the extent that they are clinically
useful (Vassos et al., 2017; Wald and Old, 2019). One plausible reason is that successful
prediction requires incorporation of more complex models of disease into the prediction,
including biology-based phenotypes, other nongenetic factors, and their interactions (Ni et
al., 2019; Zhou et al., 2020b).

The hypothesis that endophenotypes (intermediate phenotypes) could serve to unravel
the genetics and biology of psychosis is decades old (Gershon et al., 1971; Gottesman
and Shields, 1973). The Bipolar and Schizophrenia Network on Intermediate Phenotypes
(BSNIP) dataset. BSNIP was established to perform comprehensive endophenotype and
genetic testing (deep phenotyping) on an unprecedented scale, to unravel the biology of
psychosis disorders (Tamminga et al., 2013).

1.4 Hypothesis.

The B-SNIP collaboration has developed a unique data set appropriate for complex disease
causation, including individual-level measurements of a large set of neurobiological and
clinical intermediate phenotypes, genome-wide genotypes, and environmental variables, in
a consecutive series of recruited psychosis patients and healthy controls. In this paper we
study these patients and controls, with an eye toward future studies that attempt to predict
psychosis in non-prodromal adolescents, using the results from this study.
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We hypothesize that multivariate analysis of validated laboratory tests that distinguish
individuals in the premorbid state from controls, in the domains of cognition, eye tracking
movement, and Event Related Potentials, along with advances in genomic knowledge of the
major psychotic disorders, will yield acceptable prediction metrics for presence or absence
of a psychatic disorder, in a mixed sample of patients and controls, without diagnostic
interview data. We also hypothesize that analysis of interactions among these tests will add
to predictive efficacy of these measures. We test these hypotheses with data on psychosis
patients and controls from the BSNIP collaboration.

2.0 Methods

2.1 Source of data.

The BSNIP collaboration recruited patients and controls at 5 sites in the US, over two
periods, 2008-2013 and 2014 through the present.

All participants were given the Structured Clinical Interview for DSM-IV Axis | Disorders,
Patient Edition (SCID-I/P) including the Global Assessment of Functioning (GAF) scale,
the Positive and Negative Syndrome Scale (PANSS), the Young Mania Rating Scale, the
Montgomery-Asberg Depression Rating Scale (MADRS), the Schizo-Bipolar Scale, and the
Birchwood Social Functioning Scale (Birchwood et al., 1990; Keshavan et al., 2011; Langon
et al., 2000; Montgomery and Asberg, 1979; Young et al., 1978). Diagnostic reliability was
maintained by continued review and conferences across sites. Individuals were included as
having a psychosis diagnosis (SZ, SAD, or BPP) or absence of Axis | disorder as healthy
control. Additionally, no currently active substance abuse diagnosis was required of all
participants.

The data described here are from BSNIP1, the first phase of the BSNIP study. We report

on unrelated patients and healthy controls, verified for non-relatedness on genotypes by
PREST-plus(Sun and Dimitromanolakis, 2014) and KING(Manichaikul et al., 2010) in order
to remove individuals with 3rd degree or closer kinship. The participants are thus termed
“unrelated.” Intermediate phenotypes were chosen that have evidence of predating illness
(cognitive deficits, PRS), or of being found in well relatives of patients (Event Related
Potentials and tracking eye movement abnormalities), as described above.

2.2 The BSNIP intermediate phenotypes

are described in several publications, including controlling for drug exposure (Ivleva et al.,
2013; Lencer et al., 2017; Lencer et al., 2015; Mathew et al., 2014; Meda et al., 2015;
Narayanan et al., 2015; Sheffield et al., 2017; Tamminga et al., 2013; Wang et al., 2015).
The genetic and phenotypic overlap justification for pooling different psychotic diagnoses is
described in those papers. Ethics: Consecutively recruited non-hospitalized patients with one
of the psychotic disorders and healthy controls, studied under a uniform protocol approved
by Institutional Review Boards (IRBs) at each site. The 5 BSNIP sites have concurrent
measurement and diagnostic standardization across sites. All variables in the regression
analyses are listed in Supplementary Table 1 (ST1).
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2.3 Polygenic risk scores

(PRS) on these persons were calculated on the genotypic matrix of the current multi-ethnic
dataset by Shafee et al.(Shafee et al., 2018), who provided scores to us on additional persons
not in the referenced publication, using the PGC2 Schizophrenia data (Ripke et al., 2014) as
a reference, and applied here with 7 Principal Components (PCs) as covariates.

2.4 Enrolled participants and ancestry.

883 unrelated individuals were enrolled in BSNIP1. The testing procedures required a great
deal of time and effort of each volunteer (two non-consecutive full days after the diagnostic
interview). Blood for genotyping was drawn at the diagnostic interview. Not all phenotypic
tests were completed by all volunteers. Only 371 persons completed the phenotypes in this
paper. Comparison of the volunteers who were enrolled and who were completed showed
66% psychosis patients in the enrolled group and 70% psychosis patients in the completers
group, which was not a significant difference. It is not possible to compare the phenotypic
values of the completing and non-completing participants, of course, because there is no
data on the non-completers.

Ancestry classification of the participants (Table 1) was made by inspection of the first two
PCs of the genotype matrix (Price et al., 2006).

2.5 Statistical analysis: Multivariate analysis of risk and of interaction of the prediction

variables.

The intermediate phenotype variables are listed in ST1.

2.5.1 Logistic regression of intermediate phenotypes on case-control status
—(variables listed in ST1). We implemented a fitted logistic regression model using the
Scikit statistical package (sklearn) described in Babcock (Babcock, 2016, Hackeling, 2014),
with regularization and one round of Recursive Feature Elimination (RFE). The variables
dropped after RFE are listed in ST2.

2.5.2 Extension of the Linear Mixed Model (LMM).—The LMM models are
described in detail in Supplementary Information. The term Exposome (E) is applied to
any non-genotype measure, and is equivalent in this context to Environment. The extension
is to add the effects of interactions among environmental variables to the risk prediction.
The term “EXE” (chosen to be analogous to Genetic by Environment interaction; GXE)
refers to effects of interactions between all pairs of measured factors, including intermediate
phenotypes and demographic covariates (listed in Table ST1), on the dependent variable
(psychosis). We constructed Environmental kernel Relationship Matrices (ERM) based on
all of these factors (Zhou et al., 2020a; Zhou et al., 2020b). We fit the kernel matrices
jointly in the proposed models to estimate the variance components of neurobiological
effects and their interactions, as EXE on psychosis. Given the multiple neurobiological
measurements and other variables available in this project, this approach sheds some

light on the latent biological architecture of psychosis, i.e. EXE interaction, undetected by
existing methods (Bulik-Sullivan et al., 2015; Robinson et al., 2017; Yang et al., 2011).
This ERM approach can estimate ExE interaction in which the Hadamard products of all
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possible pairs of measured variables are explicitly modelled to capture their interactions. The
aggregated interactions can be parameterized as a single variance component, i.e., we use

a powerful random-effects approach. Further discussion of the ERM model is presented in
Supplementary Information.

2.6 Metrics of prediction.

The quality of any diagnostic test, or battery of tests, can be measured by how well they
predict case or healthy control status (or risk) of individuals. It has been advocated for
decades that diagnostic tests be accepted only after they have been validated by statistical
prediction quality metrics (Cowley et al., 2019; Wasson et al., 1985). The quality of a binary
classification test battery, which we study here, is not directly measured by the statistical
significance of the case-control difference in a set of data (Bzdok et al., 2020). The standard
metrics of prediction include having training and test datasets, and are concerned with the
rates of True (T) vs. False (F), and Positive (P) vs. Negative (N) predictions in the test data
(Hackeling, 2014). The accepted metrics for binary classification include Recall (sensitivity)
= TP/(TP + FN), Specificity = TN/(TN+FP), Precision = TP/(TP + FP), and Accuracy
(fraction of predictions that are correct. Additionally, the Area Under Curve (AUC) of the
Receiver Operating Characteristic (ROC), quantifies the overall validity of a test. The ROC
is a two-dimensional graph of TP vs. FP. AUC = 0.5 is a null test and AUC=1.0 is a perfect
test.

AUC was calculated from actual diagnoses vs. p-values from Logistic regression, and from
actual diagnoses vs. normally distributed regression values from the Linear Mixed Models
(LMM) ERM analyses. For prediction metrics, the threshold for case status was determined
as the quantile of the normally distributed regression values at a specific cumulative density
of 0.71 that corresponded to the case proportion in the data (i.e., gnorm (1-0.71) in the R
function). For Logistic Regression the threshold was regression-estimated probability of case
status exceeding 0.5.

2.7 Four-fold cross-validation of predictions

was performed by random division of the data into four equal sized “folds”, and
consecutively using each fold as a test subset and the remaining data as a training

subset. Statistical analyses of cross-validation, including AUC and prediction metrics, were
calculated on the test subsets in each analysis. In the Results, we report the mean and
standard deviation of each of the metrics, from the results of 4-fold cross-validation.

3.0 Results

Our overall approach is to study psychosis risk prediction, and analysis of interactions
among the predicting variables, in data collected by the B-SNIP consortium.

3.1 Logistic regression of intermediate phenotypes on case-control status.

As a proof-of-concept, we studied 51 phenotypic variables associated with patient-control
differences in the literature and in the BSNIP1 dataset. The domains of these results are
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cognition, eye movement, and electrophysiological data, demographic covariates including
years of education, and PRS, listed in Supplementary Table ST1.

Logistic regression was performed on 371 unrelated individuals. First, the Scikit-learn
(sklearn) (Hackeling, 2014) Recursive Factor Eliminator (RFE) program was run, with
scaled data, and 21 of the 51 variables could be dropped (Supplementary Table ST2).

The pseudo-R-squared (variance for logistic regression) was 0.61 (Nagelkerke). We ran the
Sckit-learn Logistic Regression program with four fold cross-validation on the non-dropped
26 variables, with regularization using L2 penalty, and sk/earn.metrics for prediction metrics
(Table 2). The AUC was 86%, sensitivity was 85% and specificity was 62%. These are
robust prediction metrics, but the specificity value means that prediction of “no psychosis” is
only correct in about 2/3 of instances.

3.1.1. A note on PRS.—The most significant PRS patient-control difference on these
371 individuals was for PRS threshold p = 1E-8, p < 0.002. PRS as a predictor using
logistic regression (Babcock, 2016), with age, sex, and 7 PCs as covariates showed pseudo-
R-squared of 5.1% for the model. PRS had the highest Odds Ratio among the included
factors (3.5), but only modest predictive power for diagnosis. AUC for the model was 0.49
after correction for covariates, very close to the null value of 0.5. We would attribute this
performance to the multiancestry nature of the tested sample, and to the generally modest
disease prediction effects of PRS scores (Wald and Old, 2019).

3.2. ERM approach to risk prediction.

Complementary to the genome (G), the concept of Exposome (E) has been proposed to
capture the totality of human environmental exposures, encompassing external as well

as internal environments over the lifetime of a given individual. We estimated the main
and interaction effects of neurobiological and clinical variables on psychosis risk, where
interaction effects from all pairs of the variables are simultaneously considered, termed

as ExE interaction. E, in this context, includes the multiple neurobiological measurements
and demographic covariates, and is chosen to contrast with genotype measurements. In the
ERM approach, we constructed a kernel matrix, and a kernel matrix based on the Hadamard
products of all possible pairs of measured variables (see Supplementary Information). We
then fit these kernel matrices jointly to estimate environmental variance components and
EXE interactions. The ERM models are described further in a section of Supplementary
Information.

3.2.1. The proportion of phenotypic variance explained by additive effects of
Environmental variables (hg).—From a linear mixed model fitting the additive effects
of Environmental variables (model #1 is described in detail in Supplementary Information),
we estimated hg =0.31 (se = 0.06) on the observed scale. Using a population prevalence of
psychotic disorders k=0.02 and the sample proportion of cases p=0.70, the estimated hg can
be transformed to 0.24 (se = 0.05) on the liability scale (Lee et al., 2011).

It is remarkable that a substantial variance of the underlying liability is attributed to
the 52 variables (Environmental +PRS), and the precision of the estimate is high (i.e.
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a low se) although the sample size is moderate. The high precision is because the

variance of off-diagonal elements in the environmental kernel relationship matrix is high
(Visscher et al., 2014). This was also confirmed with the GCTA power calculator (https://
shiny.cnsgenomics.com/gctaPower/) (data not shown). Thus, the ERM approach with BSNIP
data is a powerful approach.

Using an advanced Linear Mixed Model that fits an additional interaction term (model

#2; see Supplementary Information), we also assessed how much additional variance was
captured by the interaction term. As shown in Table ST4, around 10% of phenotypic
variance on the liability scale was due to EXE interaction effects (p-value = 5.73E-06).
Note that the main environmental variance (hg) was slightly reduced on the liability scale as

compared with observed variance (from 0.28 to 0.22 for top 50 EXE), which was probably
due to collinearity between pairs of random effects (Zhou et al., 2020a).

The accuracy and AUC in model #2 were not significantly different from model #1 or the
standard Logistic Regression (Table 2) (p-value = 0.22), possibly because of the relatively
small sample size and small variance of off-diagonal elements in the EXE kernel matrix
(Visscher et al., 2014). As in the preceding section, the prediction metrics are strong and
very promising.

4.0 Discussion and Conclusions

4.1 The overall prediction metric,

AUC, is 86%, and the other prediction metrics, sensitivity, specificity, and accuracy, are in
the range of 62% to 85%. This represents the first successful laboratory-test classification
of psychotic disorders using the combined information of a dense phenotyping approach,
although the metrics are not successful enough for clinical use at this point. If the specificity
metric were in the range of the other metrics, we would consider them successful. Lower
specificity than sensitivity was also reported by Sweeney et al. for eye tracking in SZ
(Sweeney et al., 1994). Nonetheless, we submit that these findings are a first step toward
statistically valid and precise prediction of psychosis risk, based on multiple features
associated with the disorders. Prediction as tested here is on cross-validation of known
cases and controls; to be proven effective, prediction would have to be applied prospectively
to unaffected individuals at risk.

Prevention of the major psychotic disorders, before disease onset, has appeared to be an
intractable challenge for many years. The known epidemiologic risk factors (Belbasis et
al., 2018) were and remain too nonspecific (cannabis use) or non-addressable (obstetric
complications, in utero viral exposures) for practical use. In an influential 2002 paper,
Cornblatt et al (Cornblatt et al., 2002) described (and advocated) a shift away from
research on premorbid tests: “High-risk researchers, who view the identification of accurate
risk factors as necessarily preceding preventive programs, have begun to move from the
premorbid to the prodromal phase as the most effective starting point.” This perspective
dominates prevention research until the present time(McGorry and Nelson, 2020), even
though considerable new knowledge on premorbid findings has accumulated (Keshavan et
al., 2005).
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4.2. Primary vs. secondary endophenotypes.

A crucial issue for primary prevention is which endophenotypic features of illness are
secondary to disease, or to antipsychotic drug treatment. The evidence that cognitive deficits
predate illness onset is strong, particularly in family studies (Kendler et al., 2016; van Oel

et al., 2002), and higher polygenic risk score (PRS) for schizophrenia is associated with
lower cognitive performance in healthy individuals(Shafee et al., 2018). As reviewed above,
there are supportive data for premorbid presence of the major tests analyzed here. For other
variables associated with psychosis, such as brain imaging measures (see Supplementary
Tables ST6 and ST7), there are little data to determine if they are premorbid abnormalities.

4.3. Deep phenotyping of studied individuals.

Previous studies of mediation of the gene-disease association through intermediate
phenotypes, with their own genetic and environmental associations, have focused on
summary statistics of clinically reported variables such as age at onset (Bulik-Sullivan et al.,
2015; Sekula et al., 2016). Direct measurement of multiple phenotypes in each person may
serve to improve risk prediction, by enabling performance of intricate analyses of genetic
and environmental interactions (Martin et al., 2019). The penalty of this approach, however,
as evident in this paper, is that the number of persons to analyze becomes significantly
limited by the arduousness of the phenotyping.

4.4. Potential additional phenotypes.

Among features of psychosis not included in the current analyses, derived molecular
intermediate phenotypes are appealing as potential predictors. The Genotype-Tissue
Expression (GTEX) collaboration has developed Normalized Effect Scores (NES) for
genome-wide genotypes for specific gene expression in multiple tissues (Wang et al., 2016),
and these are publicly available. The PsychEncode collaboration has found differential brain
expression data in specific regions on a larger number of Schizophrenia and control brains
(including the GTEX data) (Wang et al., 2018). One can develop expression scores for
particular sets of genes, including the 320 genes with expression linked to Schizophrenia
(Wang et al., 2018), and WGCNA gene coexpression modules from our own and others
work(Chen et al., 2013; Radulescu et al., 2020). The HLA association with Schizophrenia
has been one of the strongest molecular associations with psychosis for decades (Goldin
and Gershon, 1983). These markers are contained in the large Human Histocompatibility
Regions of chromosome 6. Within that region, the Complement protein C4 gene appears

to be a major factor in disease association(Sekar et al., 2016). These represent additional
molecular phenotypes to include in prediction studies, with attention to the population-
specificity of these associations.

We would also expect incorporation of additional data such as connectivity derived from
MRI data, and additional environmental variables such as cannabis use and childhood
trauma history, might improve prediction metrics.

4.5 Limitations and next steps.

Not having prospective predictions is the major limitation we are aware of in this study. The
specificities we report (62% to 65%) are too low for clinical applicability. Sample size is
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yet another limitation —we could include additional variables in a much larger sample, with
less risk of overfitting. Another limitation, shared with other studies in the field, is that PRS
scores do not apply well to persons of African ancestry. The attrition rate in the individuals
studied, from 883 in the initial testing session to 371 who complete all sessions, may have
reasons we are unaware of, that impact the results in this report.

Next steps: We are fortunate to have considerable ancestry diversity in the reported results,
so that the results, if replicated and extended, would be widely applicable. Towards these
ends we would do an independent replication of the current results, and add to the battery
of tests to attempt improved prediction metrics so they are all above 90%, in a new sample.
If that were achieved, an adequately powered prospective study would be in order, using
the phenotypes and genetic measures developed from the earlier steps in this research, in
children or adolescents. One might consider studying a population sample, but only 2% of
a sample would actually develop illness. It would be more efficient to compare persons at
increased genetic risk, such as relatives of known cases, to compare with controls. This
would be a daunting study to propose and execute, but the results might lead to primary
prevention strategies for psychotic disorders.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Area Under Curve (AUC) of a representative fold of Logistical Regression cross-validation.
The axis titles are a legacy for AUC diagrams. In terms used in this paper, the vertical axis
is sensitivity and the horizontal axis is (1-specificity). A perfect predictor would have AUC
of 1.00 and a null predictor would have 0.5. For a summary of AUCs for all cross validation
folds of Logistic Regression and of the two Linear Mixed Model ERM models, see Table 2
and Supplementary Table ST3.
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Ancestry of completed participants

Table 1.

Totals | African-American (AA) | Caucasian-European (CEU) | OTHER
Healthy controls 10 28 72 10
Psychosis volunteers | 61 85 168 8
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Receiver Operating Characteristic Area Under Curve (AUC), accuracy, sensitivity, and specificity, by models
averaged over 4 training-test (target) data divisions (cross-validation).

Logistic regression

ERM Model l: y=E +e

ERM Model 2: y=E+EXE +e
(top 25 pairs of interaction for
EXE)

AUC 0.86+0.00 0.86+0.00 0.86+0.01
Accuracy 0.78+0.01 0.78+0.01 0.79+0.01
Sensitivity 0.85+0.01 0.84+0.02 0.85+0.02
Specificity 0.62+0.05 0.64+0.05 0.65+0.02
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