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Abstract

Aim: The fluctuating symptoms of clinical high risk for psychosis hamper conversion

prediction models. Exploring specific symptoms using machine-learning has proven

fruitful in accommodating this challenge. The aim of this study is to explore specific

predictors and generate atheoretical hypotheses of onset using a close-monitoring,

machine-learning approach.

Methods: Study participants, N = 96, mean age 16.55 years, male to female ratio

46:54%, were recruited from the Prevention of Psychosis Study in Rogaland, Norway.

Participants were assessed using the Structured Interview for Psychosis Risk Syndromes

(SIPS) at 13 separate assessment time points across 2 years, yielding 247 specific

scores. A machine-learning decision-tree analysis (i) examined potential SIPS predictors

of psychosis conversion and (ii) hierarchically ranked predictors of psychosis conversion.

Results: Four out of 247 specific SIPS symptom scores were significant: (i) reduced

expression of emotion at baseline, (ii) experience of emotions and self at 5 months,

(iii) perceptual abnormalities/hallucinations at 3 months and (iv) ideational richness at

6 months. No SIPS symptom scores obtained after 6 months of follow-up predicted

psychosis.

Conclusions: Study findings suggest that early negative symptoms, particularly those

observable by peers and arguably a risk factor for social exclusion, were predictive of

psychosis. Self-expression and social behaviour might prove relevant entry points for

early intervention in psychosis and psychosis risk. Testing study results in larger sam-

ples and at other sites is warranted.

K E YWORD S

clinical high risk, machine learning, negative symptoms, prediction, psychosis

1 | INTRODUCTION

The wide range of non-specific symptoms characterizing individuals at

clinical high risk for psychosis (CHR-P) challenges operationalization

of the CHR-P criteria and prediction models of psychosis onset. Inno-

vative predictive strategies such as machine learning, sequential

enrichment and joint modelling have been proposed to address this

challenge (Sanfelici et al., 2020; Studerus et al., 2020).
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As psychosis arguably is one of the mental illnesses most disrup-

tive to leading fulfilling lives, better prediction of its debut has been a

main research focus over many years. Earlier and more precise identi-

fication of risk could open up possibilities for earlier, better targeted

preventive efforts. However, research is still hampered by several

problems. First, the definition of CHR-P is restricted to positive symp-

toms only. This is puzzling, as the functional consequences of psycho-

sis are mainly in the social realm (Ajnakina et al., 2019; Anglin

et al., 2020; McGorry et al., 2018; Moritz et al., 2019). Furthermore,

besides attenuated psychotic symptoms, negative symptoms and poor

functioning are associated with an increased risk of psychosis. Early

CHR-P symptoms typically emerge during adolescence (Catalan

et al., 2020; Raballo et al., 2020), a sensitive as well as dynamic devel-

opmental period when mature relationships and identity gradually

manifest (Blakemore, 2018). Adolescence is accompanied by limita-

tions in reflexivity, emotion regulation and the ability to consider con-

sequences before acting, thus increasing vulnerability to external

influences (Blakemore, 2018). Further, the use of social media for

social engagement accelerates during this time period, adding a layer

of social complexity for adolescents to master (Bjornestad

et al., 2020). A recent umbrella review of 42 meta-analyses (Fusar-Poli

et al., 2020) identified significant impairments in work or educational

functioning, social functioning, neurobiological functioning and quality

of life in CHR-P individuals. The overall risk of psychosis conversion

was 22% at 3 years, and highest (38%) for the sub-group having brief

and limited intermittent psychotic symptoms. However, substance

use, comorbid mental disorders, suicidal ideation and accumulated

sociodemographic risk factors were also common. Second, there is a

challenge regarding timing of symptom detection. Time intervals

between study follow-up assessments are mostly long. Identifying in

more detail when symptoms and psychological problems related to

CHR-P emerge could shed light on their place in a trajectory towards

psychosis, and consequences for psychosocial development. Third,

research is typically based on sum score analyses of composite con-

structs, including the merging of several specific symptoms. Adding

specificity by studying individual phenomena and particular symptoms

in more detail could provide a fruitful way forward.

Machine learning has shown promise for predicting psychosis

onset in individuals at risk (Sanfelici et al., 2020). A simple variant of

machine learning is decision-tree modelling (Kass, 1980). A key fea-

ture in both machine learning and decision-tree modelling is that they

have no a priori theoretically based hypotheses—in this case regarding

psychosis prediction. Further, such models handle large quantities of

predictors, something that allows researchers to be less strict about

which predictors are allowed in their models. They allow for model

variables to be treated with equal value, and output is readily inter-

pretable. Consequently, despite the fact that researchers are choosing

model variables, the impact of the researchers pre-understandings

and biases are reduced. On this basis, decision-tree modelling seems

appropriate for generating hypotheses based on large quantities of

specific predictors of psychosis onset.

In this study, we have aimed to explore specific symptom predic-

tors and generate a-theoretical hypotheses of psychosis onset by

using data from frequent assessments in a decision-tree approach.

We focus on symptoms derived from the Structured Interview for

Psychosis Risk Syndromes (SIPS) (Miller et al., 1999). SIPS includes

positive, negative, disorganization and general symptoms subscales,

which enables a multifaceted symptom basis for analysing CHR-P

individuals.

2 | METHOD

2.1 | Sample and recruitment

The sample was recruited from the ongoing Prevention of Psychosis

Study (POP), (Joa et al., 2015) a naturalistic longitudinal CHR-P study

in Rogaland, Norway. The POP study included a population-based

cohort (�300 000 inhabitants) of CHR-P individuals between 2012

and 2018. Participants were recruited through intensified case detec-

tion within secondary mental-health clinical services and the general

population (for detailed descriptions of awareness campaigns, recruit-

ment, and treatment see Joa et al., 2021). POP was approved by the

Regional Committee for Medical Research Ethics Health Region West,

Norway (2009/949). All participants provided written informed

consent.

In the present study, 141 participants were eligible for inclusion

and 104 of these gave informed consent. Of those, eight (7.4%) were

excluded either due to missing data on the main output variable: con-

version to psychosis (N = 7) or had no symptom data (N = 1). Thus

96 participants were included. Due to missing data at different assess-

ments, the sample size varied across the study period. Participants

converting to psychosis were excluded from the study at the time of

conversion and offered inclusion in the Early Treatment and Interven-

tion in Psychosis-2 (TIPS 2) study (Joa et al., 2008). Hence, only

assessments prior to conversion were included in the analysis. As par-

ticipants could re-enter the study after not participating in one or

more assessments, the missing assessments were counted from

1 month to 2 years. Participants who missed fewer than six assess-

ments were compared to participants who missed more than six

assessments. No significant differences between these two groups

were identified in baseline age, gender or any of the four SIPS scales

(mean-scores). Serial means were imputed for missing mean values on

SIPS scores on the 6-, 12-, 18- and 24-month follow-ups used in

Table 1. The addition of serial mean score did not alter which correla-

tions were significant, nor did it substantially change the result on the

significant associations. Attrition thus appears to be at random for

both baseline and follow-up characteristics.

2.2 | CHR-P inclusion and exclusion criteria

Individuals included in the POP study met the following criteria: living

in the catchment area; being 13–65 years of age; meeting diagnostic

criteria for CHR-P based on the SIPS (Miller et al., 1999); their symp-

toms not being better accounted for by an Axis I, Axis II or substance
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use disorder, based on the Structured Clinical Interview for DSM dis-

orders (SCID) I interview (First et al., 1995), with the exception of

schizotypal personality disorder (the presence of any of these disor-

ders in itself was not an automatic reason for exclusion); “understand-
ing and speaking one of the Scandinavian languages Norwegian,

Danish or Swedish all of which are inter-understandable”; and being

able to provide informed consent. Participants under 16 years of age

also had to have consent from parents or guardians.

Individuals were excluded based on the following criteria: Meet-

ing current or life-time criteria for any psychotic disorder; current use

of any antipsychotic medication; use of antipsychotic medication

(regardless of dosage) for more than 4 weeks in their lifetime; known

neurological or endocrine disorders related to CHR-P symptoms; and

intellectual functioning below IQ of 70.

2.3 | Measures

The SIPS is a semi-structured interview targeting experiences of

attenuated symptoms and other indicators of psychosis risk (Miller

et al., 1999). The SIPS subscales include positive symptoms (five

items), negative symptoms (six items), symptoms of disorganization

(four items) and general/affective symptoms (four items), with the

positive symptom scale defining psychosis risk (see Supporting Infor-

mation 1 for a full list of SIPS-items). The SIPS identifies three clinical

high-risk syndromes: Attenuated positive symptoms (APS), brief

intermittent psychotic symptoms (BIPS), and genetic risk and/or dete-

rioration syndrome (Yung & McGorry, 1996). It was administered to

participants 13 times over 2 years, starting with baseline (T1), then

monthly for 6 months (T2, T3, T4, T5, T6, T7) and then every

3 months until 2 years post baseline (T8, T9, T10, T11, T12, T13).

Two hundred and forty seven specific SIPS symptoms (19 symptoms

measured 13 times) were tested over this time period and treated as

variables in the statistical modelling.

2.4 | Procedure

Psychiatric nurses trained in interviewing for psychosis spectrum dis-

orders conducted the SIPS interviews. Trained clinical researchers

conducted the SCID for diagnosis (First et al., 1995). Consensus

regarding the CHR-P state was reached during weekly diagnostic

meetings. Reliability of the SCID in the research group was satisfac-

tory at kappa = 0.9 in 2012 (Weibell et al., 2013). Regular reliability

training was undertaken to avoid drift.

2.5 | Outcome measure—Psychosis onset

Psychosis onset was operationalized according to the SIPS Presence

of Psychotic Syndrome criteria (one or more SIPS positive symptom

scores of six or higher that were seriously disorganising or dangerous

TABLE 1 Psychosis conversion distribution across key predictors at baseline

Converted

to psychosis N % Significance

n = 96 No 77 80 NA

Yes 19 20

Gender Male No 37 84 χ2 = 0.77, df = 1, p = 0.380

Yes 7 16

Female No 40 77

Yes 12 23

Age at inclusion >Median (16 years) No 33 75 χ2 = 0.85, df = 1, p = 0.357

Yes 11 25

>Median (16 years) No 44 85

Yes 8 15

Mean Std

SIPS Positive symptom scale No 74 2.10 0.70 t = �0.80. df = 91, p = 0.42

Yes 19 2.24 0.69

Negative symptom scale No 71 1.69 0.93 t = �3.11, df = 88, p < 0.01

Yes 19 2.43 0.84

Disorganized symptom

scale

No 71 0.80 0.54 t = �0.49, df = 88, p = 0.62

Yes 19 0.87 0.80

General/affective

symptom scale

No 71 2.22 0.84 t = �1,87, df = 88, p = 0.07

Yes 19 2.63 0.87

Abbreviation: SIPS, Structured Interview for Psychosis Risk Syndromes.
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or lasted on average more than 1 h per day, 4 days per week over a

1-month period) within any of the 12 assessment intervals of the

follow-up. Conversion to psychosis was operationalized as a single

dichotomous variable (0 = not converted, 1 = converted).

2.6 | Statistical analyses

Statistical analyses were carried out using SPSS version 25 (IBM

Corp, 2017). Two-way analysis of variance was performed to examine

the distribution of key variables and basic demographic characteristics

of age and gender across the dichotomous conversion variable.

Between-group differences were estimated using t tests (normally dis-

tributed data) or non-parametric tests (nominal/ordinal or non-normal

data).

Chi-squared automatic interaction detection (CHAID) (IBM

Corp, 2012) machine-learning decision-tree analyses were used to

(i) examine potential predictors and their relationships to psychosis

conversion and (ii) hierarchically rank predictors. This method was

chosen for several reasons. First, it provides a clinically useful model

which clearly depicts the steps and relative importance of predictors

and their thresholds for prediction. Second, with the relatively small

sample size available, it allows for employing all 13 measurement

points in spite of this sample size limitation. Third, it is well suited for

exploratory investigations without a priori assumptions. Fourth,

though this confers a danger of overfitting, it is statistically superior to

multiple bivariate analyses which would be the alternative and allows

us to generate hypotheses for further study. SPSS standard settings

were used in the CHAID tree analyses, with the following exceptions,

all due to small sample size: Minimum parent size was set to 10 and

child size was set to 5. Both split alpha and merge alpha levels were

set to 0.10. The change in alpha settings allowed a significance level

up to p < 0.10 in the decision-tree analyses, for both splitting and

merging nodes. This posed no problem for the main branches in the

model, and accurate significant levels are reported for each node in

Figure 1. For highlighting paths and nodes with p values deviant from

standard p < 0.05, paths with p values between 0.05 and 0.10 were

marked with dashed lines in Figure 1.

Data from all 96 participants on the 247 variables (i.e., SIPS items)

were included in the CHAID model, and missingness was allowed as it

commonly is in CHAID models; as the data were categorical, missing

data were treated as a category on each variables the same way that

the other categories were treated. Missing data were also reported

along with the other categories (see Figure 1). To minimize effect of a

priori assumptions regarding SIPS thresholds and cut-offs, data were

fed into the model unprocessed, except for conversion to psychosis

(converted/not converted). All 247 variables (19 SIPS-item measured

at 13 time points) were entered simultaneously. This was done to

ensure that any given SIPS-item at any given time would have the

same potential to predict outcome.

F IGURE 1 Predictors of psychosis onset

4 BJORNESTAD ET AL.



3 | RESULTS

Baseline gender ratio, age distribution and sum score means for SIPS

for converters and non-converters (N = 96) are outlined in Table 1. Of

the baseline sample N = 96, 14 converted within 6 months' time and

left the study (i.e., entered our first-episode psychosis study TIPS),

leaving N = 82. By the 24 months follow-up, an additional five partici-

pants had converted, leaving N = 77 for analysis. Furthermore, 75%

of the original sample of 96 had at least four complete assessments;

63.5% had at least 6.

Participants were young (mean age 16.5 years, SD 3.0) and with

an even male-to-female ratio (46:54). Age and gender were not asso-

ciated with conversion to psychosis. A significantly higher mean item

score for negative symptoms (2.43 vs. 1.69, t = �3.11, p < 0.01) was

found for participants who later converted to psychosis. No other

symptoms at baseline were associated with psychosis-conversion.

3.1 | Decision-tree model

The decision tree model is presented in Figure 1 and Table 2. Of the

247 variables (SIPS items) included, five variables were key for

predicting conversion to psychosis. Four out of these five were signifi-

cant with a p value below 0.05, one (node 6) had a p value of 0.066.

(The lowest p value was naturally found for Node 0 and p values were

increasing throughout the branches. However, only Node 6 was

above p value >0.05). The first variable (node 0) was item “N3 Expres-

sion of emotion” obtained at baseline, leading to the smallest branch

(43 participants), of whom 16 out of 19 converters scored above zero.

Following this branch, the second variable (node 2) was “N4 Experi-

ence of emotions and self” at 5 months. All 16 converters with a score

above zero on N3 at baseline also had a score above 1 or missing on

N4 at 5 months. The third variable (node 6) was “D1 Odd behaviour

or appearance” at 1 month. Two out of 16 participants converting to

psychosis had a score above 0. Returning to the first split, and follow-

ing the largest branch (53 of 96 participants), the next splitting vari-

able (node 1)—was “P4 Perceptual abnormalities/ hallucinations” after
3 months; the fourth variable in the model. The fifth variable included

(node 4) was “N5 Ideational richness” after 6 months, splitting above

zero or missing. On this largest branch all three participants conver-

ting to psychosis had a combination of scoring above three on percep-

tual abnormalities and above zero on ideational richness. Other

variables were not significant and were therefore not included.

The model, including a total of 10 nodes, had a maximum tree

depth of three nodes. Of these nodes six were terminal, and not

branching into new nodes. The estimated error of risk was 0.125, and

the SE was 0.034. The model predicted correctly in 67 of 77 non-

converted cases (87.5%), and 17 of 19 converted cases (89.5%)

(Table 2).

4 | DISCUSSION

The main findings in this study were, first, that the decision-tree

model suggested that only four out of 247 specific SIPS symptom

scores were significant and useful for predicting psychosis onset cor-

rectly. Second, that early SIPS scores carried more weight compared

to later ones. None of the item scores obtained later than 6 months

were significant. Third, the item “reduced expression of emotion”
(N3) at baseline was best for splitting the sample into converters ver-

sus non-converters; a score of one or higher was present in 16 out of

19 converters. Fourth, three out of four significant predictors are

listed as negative symptoms and are usually not included in the defini-

tion of CHR-P: reduced expression of emotion, reduced experience of

emotions and self, and reduced ideational richness. However, one

positive (perceptual abnormalities/hallucinations after 3 months) also

contributed to prediction.

4.1 | Early symptoms and their social
consequences

Some of the predictors found in this study appear to have a common

denominator: They are observable by peers, and they could affect the

social domain. Reduced emotional expression and odd behaviour or

appearance are directly observable. These features can lead to social mar-

ginalization, as people in a social context do not necessarily tolerate “oth-
erness” and ultimately repulse it (Becker, 1963; Bjornestad et al., 2020). A

recent study of social interaction among adolescents (Bjornestad

et al., 2020) indicates that these behaviours lead to diminished social

interaction and ultimately, to social exclusion by peers. Further, despite

being subjective and private, poor ideational richness and perceptual

abnormalities or hallucinations, along with a reduced experience of emo-

tions and self, can be observable through coping strategies such as with-

drawing from social contact (Schultze-Lutter & Theodoridou, 2017).

Early failure in mastering social skills is common in CHR-P (Fusar-

Poli et al., 2020). The importance of social participation for developing

and practicing core human capacities such as self-agency

(Bandura, 1982) and mentalization, (Fonagy & Bateman, 2006) imply

that behaviours associated with the study predictors may produce long-

TABLE 2 Decision-tree classification
matrix on converting to psychosis,
including type I and II errors

Non-converted Converted Percent correct

Observed Non-converted Correct

67 (87%)

False positive

10 (13.0%)

87.0%

Converted False negative

2 (10.5%)

Correct

17 (89.5%)

89.5%

Overall percentage 71.9% 28.1% 87.5%
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term psychological and social setbacks, not only in terms of psychosis

but also in a more general psychosocial sense. For example, individuals

with CHR-P who do not develop psychosis continue to display sub-

threshold psychotic symptoms (Addington et al., 2019), meet criteria for

other mental disorders (Addington et al., 2017), and have limitations in

social functioning (Fusar-Poli et al., 2020). Targeting specific observable

behaviours leading to social exclusion seems a relevant entry point for

early prediction models and preventive efforts in CHR-P.

4.2 | Predictive value of negative symptoms

It may seem paradoxical that negative symptoms were so strongly

predictive of psychosis, whereas most early warning signs or “high
risk” symptoms are defined as either attenuated or brief positive

symptoms. This may be due to challenges distinguishing emerging

negative symptoms from typical adolescent features: Puberty, insecu-

rity, heartbreak, depression, substance-use, for example

(Blakemore, 2018). Specificity appears to be low. Nevertheless, nega-

tive symptoms are important because they are associated with high

levels of disability and poor prognosis both in psychosis (Marder &

Galderisi, 2017) and CHR-P (Carri�on et al., 2020), and a central goal of

CHR-P intervention is to reduce the risk of adverse outcomes through

early intervention (Fusar-Poli et al., 2020). This is inspired by research

showing that reducing the duration of untreated psychosis (DUP)

through early intervention can have beneficial prognostic effects

(Fusar-Poli, McGorry, & Kane, 2017; Hegelstad et al., 2012). However,

reducing DUP in individuals with insidious psychosis onsets pre-

dominated by negative symptoms has proven difficult (Marder &

Galderisi, 2017). Therefore, we argue in favour of a more detailed

investigation of early negative symptoms in order to harness the

potential of negative symptoms for the prediction of psychosis. Inves-

tigating the duration of untreated negative symptoms (DUN) would

then be within reach and a fruitful way forward. Furthermore, the

specificity of the items identified in this study could possibly add

specificity to the “psychosis risk calculator” (Cannon et al., 2016).

4.3 | Clinical implications

Our findings suggest that the CHR-P symptoms that are the most pre-

dictive of psychosis conversion also increase risk for social exclusion.

Hence, identification of these symptoms should be followed by clini-

cal interventions aimed at increased social participation, agency and

social skills training. Such efforts have proven promising, both in psy-

chosis (Cella et al., 2017; Davidson et al., 2004) and CHR-P

(Santesteban-Echarri et al., 2020).

4.4 | Limitations

The primary limitations of this study are the small sample size and the

high attrition rate. This represents a loss of valuable information and

may weaken the study's generalizability. However, attrition appeared

to be random for baseline characteristics and the sample seems com-

parable (e.g., age, gender SIPS symptom levels and functioning) to

other CHR-P samples internationally (Fusar-Poli et al., 2020). A major

limitation with the machine-learning analysis is the possibility of over-

fitting the model, reducing the possible use on other datasets and

future data collections. We acknowledge that untested, this limits the

usability of the model. However, given the exploratory nature of this

study with the goal of generating hypotheses for future study, we

believe the risk of overfitting is acceptable in this study. We plan to

further test this model in this, and other populations with larger sam-

ple sizes.

The machine-learning analysis was also limited by a false negative

result in 10.5% of cases and a false positive result in 13% of cases.

Furthermore, while this is a study of specific SIPS items, the items

targeted quite general domains. Hence, variable discrimination may

have been limited. Finally, as exploration and hypothesis generation

was the main aim of this investigation, we allowed a significance level

of up to p < 0.10 in the decision-tree analyses. This posed no problem

for the main branches in the model; however, the significance level of

Node 6: “1 month: D1 Odd behaviour or appearance” (see Figure 1)

may reduce the predictive value of this variable.

ACKNOWLEDGEMENTS

The present study was supported by a grant from Health West Foun-

dation 911508 and grant 911881 and also supported by grant

913184 from the Norwegian Extra Foundation for Health and Reha-

bilitation through EXTRA funds.

CONFLICT OF INTEREST

The authors declare no conflicts of interest. The funding sources pro-

vided no input into the analyses or presentation of these data.

AUTHOR CONTRIBUTIONS

Inge Joa, Jan Olav Johannessen, Johannes H. Langeveld and Wenche

ten Velden Hegelstad: Were involved in funding of POP. Jone

Bjornestad, Tore Tjora, Johannes H. Langeveld, Helen J. Stain, Inge

Joa, Jan Olav Johannessen, Michelle Friedman-Yakoobian and

Wenche ten Velden Hegelstad: (PI TIPS) Contributed to concept

development data analyses. Jone Bjornestad, Tore Tjora and Wenche

ten Velden Hegelstad: Wrote the first draft. Tore Tjora: Performed

the statistical analyses. All authors made substantial contributions to

all phases of the paper and were involved in study design, provided

scientific oversight throughout the project, detailed comments to the

paper across several drafts, and edited the paper.

DATA AVAILABILITY STATEMENT

The datasets presented in this article are not readily available because

according to Norwegian law, data sharing requires approvals from the

Regional Committees for Medical and Health Research Ethics, and

from the Data Protection Officer at Stavanger University Hospital, on

the basis of specific research proposals. Requests to access the

datasets should be directed to jone.bjornestad@uis.no

6 BJORNESTAD ET AL.

mailto:jone.bjornestad@uis.no


ORCID

Jone Bjornestad https://orcid.org/0000-0003-0381-1741

Tore Tjora https://orcid.org/0000-0002-4024-2288

Helen J. Stain https://orcid.org/0000-0002-5810-4780

Inge Joa https://orcid.org/0000-0002-5516-2336

Jan Olav Johannessen https://orcid.org/0000-0001-7740-8168

Michelle Friedman-Yakoobian https://orcid.org/0000-0001-7354-

1818

Wenche ten Velden Hegelstad https://orcid.org/0000-0003-1148-

8825

REFERENCES

Addington, J., Liu, L., Santesteban-Echarri, O., Brummitt, K., Braun, A.,

Cadenhead, K. S., & Granholm, E. (2020). Cognitive behavioral social

skills training: Methods of a randomized controlled trial for youth at

risk of psychosis. Early Intervention in Psychiatry. https://doi.

org/10.1111/eip.13102.

Addington, J., Piskulic, D., Liu, L., Lockwood, J., Cadenhead, K. S.,

Cannon, T. D., Cornblatt, B. A., McGlashan, T. H., Perkins, D. O.,

Seidman, L. J., Tsuang, M. T., Walker, E. F., Bearden, C. E.,

Mathalon, D. H., & Woods, S. W. (2017). Comorbid diagnoses for

youth at clinical high risk of psychosis. Schizophrenia Research, 190,

90–95.
Addington, J., Stowkowy, J., Liu, L., Cadenhead, K. S., Cannon, T. D.,

Cornblatt, B. A., McGlashan, T. H., Perkins, D. O., Seidman, L. J.,

Tsuang, M. T., Walker, E. F., Bearden, C. E., Mathalon, D. H.,

Santesteban-Echarri, O., & Woods, S. W. (2019). Clinical and func-

tional characteristics of youth at clinical high-risk for psychosis who do

not transition to psychosis. Psychological Medicine, 49(10), 1670–
1677.

Ajnakina, O., David, A. S., & Murray, R. M. (2019). ‘At risk mental state’
clinics for psychosis—An idea whose time has come—And gone! Psy-

chological Medicine, 49(4), 529–534.
Anglin, D. M., Galea, S., & Bachman, P. (2020). Going upstream to advance

psychosis prevention and improve public health. JAMA Psychiatry, 77

(7), 665–666.
Bandura, A. (1982). Self-efficacy mechanism in human agency. American

Psychologist, 37(2), 122–147.
Becker, H. (1963). Outsiders—Studies in the sociology of deviance. The Free

Press of Glencoe.

Bjornestad, J., Moltu, C., Veseth, M., & Tjora, T. (2020). Rethinking social

interaction: Empirical model development. Journal of Medical Internet

Research, 22(4), e18558.

Blakemore, S.-J. (2018). Inventing ourselves: The secret life of the teenage

brain. New York, NY: Hachette.

Cannon, T. D., Yu, C., Addington, J., Bearden, C. E., Cadenhead, K. S.,

Cornblatt, B. A., Heinssen, R., Jeffries, C. D., Mathalon, D. H.,

McGlashan, T. H., Perkins, D. O., Seidman, L. J., Tsuang, M. T.,

Walker, E. F., Woods, S. W., & Kattan, M. W. (2016). An individualized

risk calculator for research in prodromal psychosis. American Journal of

Psychiatry, 173(10), 980–988.
Carri�on, R. E., Auther, A. M., McLaughlin, D., Addington, J., Bearden, C. E.,

Cadenhead, K. S., Cannon, T. D., Keshavan, M., Mathalon, D. H.,

McGlashan, T. H., Perkins, D. O., Seidman, L., Stone, W., Tsuang, M.,

Walker, E. F., Woods, S. W., Torous, J., Cornblatt, B. A., &

McGlashan, T. H. (2020). Social decline in the psychosis prodrome:

Predictor potential and heterogeneity of outcome. Schizophrenia

Research, 44–51.
Catalan, A., Salazar de Pablo, G., Vaquerizo Serrano, J., Mosillo, P.,

Baldwin, H., Fern�andez-Rivas, A., Moreno, C., Arango, C., Correll, C. U.,

Bonoldi, I., & Fusar-Poli, P. (2020). Annual research review: Prevention

of psychosis in adolescents—Systematic review and meta-analysis of

advances in detection, prognosis and intervention. Journal of Child Psy-

chology and Psychiatry, 657–673.
Cella, M., Preti, A., Edwards, C., Dow, T., & Wykes, T. (2017). Cognitive

remediation for negative symptoms of schizophrenia: A network

meta-analysis. Clinical Psychology Review, 52, 43–51.
Davidson, L., Shahar, G., Stayner, D. A., Chinman, M. J., Rakfeldt, J., &

Tebes, J. K. (2004). Supported socialization for people with psychiatric

disabilities: Lessons from a randomized controlled trial. Journal of Com-

munity Psychology, 32(4), 453–477.
First, M.,. S. R., Gibbon, M., & Williams, J. (1995). Structured clinical inter-

view for DSM-IV Axis I disorders-patient edition (SCID I/P, version 2.0).

New York State Psychiatric Institute, Biometrics Research

Department.

Fonagy, P., & Bateman, A. W. (2006). Mechanisms of change in

mentalization-based treatment of BPD. Journal of Clinical Psychology,

62(4), 411–430.
Fusar-Poli, P., McGorry, P. D., & Kane, J. M. (2017). Improving outcomes

of first-episode psychosis: An overview. World Psychiatry, 16(3),

251–265.
Fusar-Poli, P., Salazar de Pablo, G., Correll, C. U., Meyer-Lindenberg, A.,

Millan, M. J., Borgwardt, S., Galderisi, S., Bechdolf, A., Pfennig, A.,

Kessing, L. V., van Amelsvoort, T., Nieman, D. H., Domschke, K.,

Krebs, M. O., Koutsouleris, N., McGuire, P., Do, K. Q., & Arango, C.

(2020). Prevention of psychosis: Advances in detection, prognosis, and

intervention. JAMA Psychiatry, 77(7), 755–765.
Hegelstad, W., Larsen, T., Auestad, B., Evensen, J., Haahr, U., Joa, I.,

Johannesen, J. O., Langeveld, J., Melle, I., Opjordsmoen, S.,

Rossberg, J. I., Rund, B. R., Simonsen, E., Sundet, K., Vaglum, P.,

Friis, S., & McGlashan, T. (2012). Long-term follow-up of the TIPS early

detection in psychosis study: Effects on 10-year outcome. The Ameri-

can Journal of Psychiatry, 169(4), 374–380.
Corp, I. B. M. (2012). IBM SPSS Decision Trees 21. IBM Corp.

Corp, I. B. M. (2017). IBM SPSS statistics for Windows, version 25.0. IBM

Corp.

Joa, I., Bjornestad, J., Johannessen, J. O., Langeveld, J., Stain, H. J.,

Weibell, M., & Hegelstad, W. t. V. (2021). Early detection of ultra high

risk for psychosis in a Norwegian Catchment Area: The two year

follow-up of the prevention of psychosis study. Frontiers in Psychiatry,

12, 573905. https://doi.org/10.3389/fpsyt.2021.573905

Joa, I., Gisselgard, J., Bronnick, K., McGlashan, T., & Johannessen, J. O.

(2015). Primary prevention of psychosis through interventions in the

symptomatic prodromal phase, a pragmatic Norwegian Ultra High Risk

study. BMC Psychiatry, 15, 89.

Joa, I., Johannessen, J. O., Auestad, B., Friis, S., McGlashan, T., Melle, I.,

Opjordsmoen, S., Simonsen, E., Vaglum, P., & Larsen, T. K. (2008). The

key to reducing duration of untreated first psychosis: Information

campaigns. Schizophrenia Bulletin, 34(3), 466–472.
Kass, G. V. (1980). An exploratory technique for investigating large quanti-

ties of categorical data. Journal of the Royal Statistical Society: Series C

(Applied Statistics), 29(2), 119–127.
Marder, S. R., & Galderisi, S. (2017). The current conceptualization

of negative symptoms in schizophrenia. World Psychiatry, 16(1),

14–24.
McGorry, P. D., Hartmann, J. A., Spooner, R., & Nelson, B. (2018). Beyond

the “at risk mental state” concept: Transitioning to transdiagnostic

psychiatry. World Psychiatry, 17(2), 133–142.
Miller, T. J., McGlashan, T. H., Woods, S. W., Stein, K., Driesen, N.,

Corcoran, C. M., Hoffman, R., & Davidson, L. (1999). Symptom assess-

ment in schizophrenic prodromal states. Psychiatric Quarterly, 70(4),

273–287.
Moritz, S., Gawęda, Ł., Heinz, A., & Gallinat, J. (2019). Four reasons why

early detection centers for psychosis should be renamed and their

treatment targets reconsidered: We should not catastrophize a future

we can neither reliably predict nor change. Psychological Medicine, 49

(13), 2134–2140.

BJORNESTAD ET AL. 7

https://orcid.org/0000-0003-0381-1741
https://orcid.org/0000-0003-0381-1741
https://orcid.org/0000-0002-4024-2288
https://orcid.org/0000-0002-4024-2288
https://orcid.org/0000-0002-5810-4780
https://orcid.org/0000-0002-5810-4780
https://orcid.org/0000-0002-5516-2336
https://orcid.org/0000-0002-5516-2336
https://orcid.org/0000-0001-7740-8168
https://orcid.org/0000-0001-7740-8168
https://orcid.org/0000-0001-7354-1818
https://orcid.org/0000-0001-7354-1818
https://orcid.org/0000-0001-7354-1818
https://orcid.org/0000-0003-1148-8825
https://orcid.org/0000-0003-1148-8825
https://orcid.org/0000-0003-1148-8825
https://doi.org/10.3389/fpsyt.2021.573905


Raballo, A., Poletti, M., Preti, A., & McGorry, P. (2020). Clinical high risk for

psychosis in children and adolescents: A meta-analysis of transition

prevalences. Schizophrenia Research. https://doi.org/10.1016/j.schres.

2020.03.063.

Sanfelici, R., Dwyer, D. B., Antonucci, L. A., & Koutsouleris, N. (2020). Indi-

vidualized diagnostic and prognostic models for patients with psycho-

sis risk syndromes: A meta-analytic view on the state of the art.

Biological Psychiatry, 88(4), 349–360.
Schultze-Lutter, F., & Theodoridou, A. (2017). The concept of basic symp-

toms: Its scientific and clinical relevance. World Psychiatry, 16(1),

104–105.
Studerus, E., Beck, K., Fusar-Poli, P., & Riecher-Rössler, A. (2020). Devel-

opment and validation of a dynamic risk prediction model to forecast

psychosis onset in patients at clinical high risk. Schizophrenia Bulletin,

46(2), 252–260.
Weibell, M. A., Joa, I., Bramness, J., Johannessen, J. O., McGorry, P. D., ten

Velden Hegelstad, W., & Larsen, T. K. (2013). Treated incidence and

baseline characteristics of substance induced psychosis in a Norwe-

gian catchment area. BMC Psychiatry, 13(1), 319.

Yung, A. R., & McGorry, P. D. (1996). The initial prodrome in psychosis:

Descriptive and qualitative aspects. The Australian and New Zealand

Journal of Psychiatry, 30(5), 587–599.

SUPPORTING INFORMATION

Additional supporting information may be found online in the

Supporting Information section at the end of this article.

How to cite this article: Bjornestad, J., Tjora, T., Langeveld, J.

H., Stain, H. J., Joa, I., Johannessen, J. O., Friedman-Yakoobian,

M., ten Velden Hegelstad, W. (2021). Exploring specific

predictors of psychosis onset over a 2-year period: A

decision-tree model. Early Intervention in Psychiatry, 1–8.

https://doi.org/10.1111/eip.13175

8 BJORNESTAD ET AL.

https://doi.org/10.1016/j.schres.2020.03.063
https://doi.org/10.1016/j.schres.2020.03.063
https://doi.org/10.1111/eip.13175

	Exploring specific predictors of psychosis onset over a 2-year period: A decision-tree model
	Authors

	Exploring specific predictors of psychosis onset over a 2-year period: A decision-tree model
	1  INTRODUCTION
	2  METHOD
	2.1  Sample and recruitment
	2.2  CHR-P inclusion and exclusion criteria
	2.3  Measures
	2.4  Procedure
	2.5  Outcome measure-Psychosis onset
	2.6  Statistical analyses

	3  RESULTS
	3.1  Decision-tree model

	4  DISCUSSION
	4.1  Early symptoms and their social consequences
	4.2  Predictive value of negative symptoms
	4.3  Clinical implications
	4.4  Limitations

	ACKNOWLEDGEMENTS
	  CONFLICT OF INTEREST
	  AUTHOR CONTRIBUTIONS
	  DATA AVAILABILITY STATEMENT

	REFERENCES


