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Diagnosis of a clinical high-risk (CHR) state enables timely treatment of individuals at risk for a psychotic disorder, thereby
contributing to improving illness outcomes. However, only a minority of patients diagnosed with CHR will make the transition to
overt psychosis. To identify patients most likely to benefit from early intervention, several studies have investigated characteristics
that distinguish CHR patients who will later develop a psychotic disorder from those who will not. We aimed to summarize evidence
from systematic reviews and meta-analyses on predictors of transition to psychosis in CHR patients, among characteristics and
biomarkers assessed at baseline. A systematic search was conducted in Pubmed, Scopus, PsychInfo and Cochrane databases to
identify reviews and meta-analyses of studies that investigated specific baseline predictors or biomarkers for transition to psychosis
in CHR patients using a cross-sectional or longitudinal design. Non-peer-reviewed publications, gray literature, narrative reviews
and publications not written in English were excluded from analyses. We provide a narrative synthesis of results from all included
reviews and meta-analyses. For each included publication, we indicate the number of studies cited in each domain and its quality
rating. A total of 40 publications (21 systematic reviews and 19 meta-analyses) that reviewed a total of 272 original studies qualified
for inclusion. Baseline predictors most consistently associated with later transition included clinical characteristics such as
attenuated psychotic and negative symptoms and functioning, verbal memory deficits and the electrophysiological marker of
mismatch negativity. Few predictors reached a level of evidence sufficient to inform clinical practice, reflecting generalizability
issues in a field characterized by studies with small, heterogeneous samples and relatively few transition events. Sample pooling
and harmonization of methods across sites and projects are necessary to overcome these limitations.
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INTRODUCTION
The paradigm of indicated prevention for psychotic disorders was
introduced in the 1990s based on the observation that the
majority of patients with a first psychotic episode reported
retrospectively a prodromal phase that preceded the onset of
overt symptoms by several years and was characterized by
subthreshold or unspecific symptoms, and/or functional decline
[1]. The new paradigm provided a new and promising perspective
for improving the course of these often chronic and severe
disorders. The operationalization of diagnostic criteria for of a
clinical high-risk state (CHR), also referred to as ‘at-risk mental
state’ (ARMS), enabled early detection and timely treatment for
individuals at risk before the onset of overt psychotic symptoms,
which may contribute to delaying or preventing the first
manifestation of a psychotic disorder, and improve their clinical
and functional outcomes [2].
Diagnosis of a clinical high-risk state is based on specific sets of

clinical criteria. The most widely established of those are ultra-
high-risk (UHR) criteria, which require one of the following for a
CHR diagnosis [3]: (a) attenuated psychotic symptoms symptoms
(APS), i.e., positive symptoms of subthreshold severity; (b) brief
limited intermittent psychotic symptoms (BLIPS), i.e., typical

psychotic symptoms of short duration that remit spontaneously;
or (b) genetic high risk with functional deterioration (GRD).
Another conceptualization of risk focuses on basic symptoms;
these are subtle subjective changes in perception, cognition and
language that have been suggested to reflect cognitive dis-
turbances present in the very early stages of the psychosis
prodrome [4]. In the present paper, we use the term clinical high-
risk (CHR) to refer to all of the above patients.
In relative terms, the risk of developing a full psychotic episode

(‘transition to psychosis’) in CHR patients is increased by a factor of
more than 400 compared to the general population [5] and reaches
its peak within the first 2–3 years from diagnosis. In absolute terms,
however, the majority of these patients will not experience a
psychotic episode: Transition rates were initially calculated at about
36% at 3 years [6] and have been corrected downwards (20%) in
newer meta-analyses [7]. To identify patients that are most likely to
benefit from early intervention, a large body of research has been
devoted to identifying characteristics that distinguish CHR patients
who will later experience a psychotic transition from those who will
not. In the era of precision medicine, knowledge of such
characteristics is necessary to help guide intervention strategies
based on individual patient prognosis and needs.
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Given the above, we aimed to provide a consolidated evidence
base to help identify promising foci for further research, to inform
the development of prognostic models for individualized outcome
prediction, and to guide the search for modifiable factors as
treatment targets. Considering the fast-expanding field of
psychosis prediction in CHR and the availability of several
systematic reviews and meta-analyses, we deemed the format of
an umbrella review most appropriate for our purpose. Thus, the
aim of the present manuscript was to summarize evidence from
systematic reviews and meta-analyses that investigated predictors
of transition to psychosis in CHR patients, among characteristics
and biomarkers assessed at baseline, i.e., at first diagnosis of CHR
status. To the best of our knowledge, this is the first umbrella
review with an exclusive focus on this topic.

METHODS
We conducted the review according to the Preferred Reporting
Items for Systematic Reviews and Meta-Analysis (PRISMA) guide-
lines [8]. We submitted the protocol in the International
Prospective Register of Systematic Reviews (PROSPERO) database
on May 8, 2022 (registration number CRD42022331183). For a
PRISMA Checklist, please refer to the Supplement (Table S1).

Search
The search strategy was defined before data selection and
extraction. For the literature search, we used Pubmed, Scopus,
PsychInfo and Cochrane databases (last access date: 19.10.2022).
The final search key (which was updated during the manuscript
revision process) was [(‘clinical high risk’ OR ‘at-risk mental state’
OR ‘high risk’) AND (‘psychosis’ OR ‘psychotic disorder’ OR
‘schizophrenia’) AND (‘prediction’ OR ‘biomarker’ OR ‘associat*’)];
additional search terms or filters (depending on the database)
were used to filter papers (a) published from March 1, 2012 to
March 1, 2022; (b) written in English; and (c) registered as reviews,
systematic reviews or meta-analyses. The exact search strings for
each database are provided in the Supplement.
Additionally, the reference lists of included paper were scanned

for further relevant reviews and meta-analyses.

Eligibility criteria
Papers were included in the review if they met all of the following
criteria:

1. publication in a peer-reviewed journal;
2. systematic review or meta-analysis (study design);
3. inclusion of studies that included patients with clinical high risk (3a.

Participants) and investigated transition to psychosis (3b. Outcome)
in relation to specific baseline predictors or biomarkers (3c.
Exposure) using either cross-sectional comparisons between CHR
with and without later transition, or a longitudinal design (3d.
Comparison);

4. full-text available through university or public repositories, or by
contacting the authors.

Gray literature, conference abstracts and narrative reviews were
excluded. We also excluded papers investigating effects of
interventions or longitudinal changes in predictors over time on
transition.

Study selection
After articles were identified through the above outlined search
strategy and records of duplicates were removed, titles and
abstracts were screened by two independent authors (SE and MH).
Records were excluded according to the above inclusion and
exclusion criteria. All excluded and included articles were
reviewed and potential discrepancies resolved by the first author.
Of all included abstracts, full-text articles were assessed for
eligibility by the first author; reasons for exclusion were reviewed

by one of the two senior authors (see Fig. 1 for an overview of
reasons for exclusion).

Data extraction
The following variables were extracted by the first author for each
paper if available: (1) name of the study; authors and publication
year;(2) review design; (3) reviewed predictors or biomarkers; (4)
number and citations of studies included in the review of each
predictor/biomarker domain; (5) findings.

Quality assessment
To assess the quality of included reviews and meta-analyses, we
used the Checklist for Assessing the Methodological Quality of
Systematic Reviews (AMSTAR), an 11-item tool which has been
validated for systematic reviews of randomized controlled trials
[9], but has been widely used for systematic reviews of other types
of studies [10]. Each included paper was assessed by one of two
authors (SE or MH), and a third author (CA) confirmed ratings and
ensured that there were no systematic differences between the
two raters.

Data synthesis
We considered only data available from included systematic
reviews and meta-analyses. We provide a narrative synthesis of
results from all included reviews and meta-analyses. Given the
large variability in topics and predictor domains, we chose to
present and compare all reported findings without particular
prioritization according to review recency or quality. To assist
interpretation of findings, we indicate below the number of
studies (k) included in each review (where available) as well as any
significant overlaps in studies between reviews. We also highlight
reviews of high quality.

RESULTS
Search results
After removal of search duplicates, a total of 126 articles were
screened for potential inclusion (see data selection flow diagram in
Fig. 1). 40 articles qualified for inclusion (see Flow Diagram, Fig. 1);
of these, 21 were systematic reviews and 19 were meta-analyses.
An umbrella review by Fusar-Poli et al. [7] and a meta-analysis by
Hager and Keshavan [11] were excluded because they assessed
systematic reviews and meta-analyses rather than single studies;
moreover, a meta-analysis by Sanfelici et al. [12] was excluded
because it focused on performance of predictive models rather
than single predictors of outcome. A list of included studies is
provided in Table 1.

Data synthesis
The 40 systematic reviews and meta-analyses we assessed
reviewed a total of 272 original studies. Below, we present a
synthesis of findings, separately for different types of predictors. A
summary of main results can be found in Table 2. Reviews or
meta-analyses with a high AMSTAR quality rating (>80%) are
indicated by underscore in the text. Detailed quality ratings are
provided in the Supplement (Table S2).

Sociodemographic predictors. With respect to age at baseline,
discrepant findings have been reported [13]; a recent meta-
analysis concluded that the overall evidence for age was not
significant (Oliver et al. [14], k= 61 studies). Still, age is often
reported as a significant predictor in multivariable models [13],
and was a significant predictor in a multivariable model derived
from meta-analysis individual patient data from 15 studies, with
higher age at baseline increasing transition risk (Malda et al. [15]).
Regarding sex, Oliver et al. [14] reported a weak association,

with increased transition probability in males but small effect size
(k= 66); similarly, female sex was included as a predictor reducing

C. Andreou et al.

2

Translational Psychiatry          (2023) 13:286 



overall risk in the multivariable model developed in the above-
mentioned individual patient data meta-analysis [15].
Ethnicity was investigated in one systematic review (Moore

et al. [16], k= 4) and one meta-analysis (Oliver et al., k= 19 [14];
total k= 21). The effect of non-white ethnicity as a predictor of
transition was non-significant in the meta-analysis by Oliver et al.,
while Moore et al. report divergent results regarding the
comparison of different ethnic groups in terms of CHR
transition rates.

Environmental predictors. Evidence for an effect of trauma on
transition rates was significant but weak in a meta-analysis (Oliver
et al. [14], 2021, k= 11, small effect size and moderate

heterogeneity; see also Brew et al. [17], k= 2, and Peh et al.
[18], k= 5, all overlapping with Oliver et al.). Similarly, there was
weak evidence that baseline living status (k= 10) [14] and
employment (Oliver et al. [14], k= 7; k= 1 also cited in
Montemagni et al. [19]) may predict transition with a small-to-
medium effect size. There are contradictory results regarding
marital status (k= 2) [13] and no evidence of association for level
of education (Riecher and Studerus [13], k= 8; Oliver et al. [14],
k= 25; total k= 27), parental socioeconomic status (k= 14) [14],
neighborhood-level social deprivation (O’Donoghue et al., k= 1)
[20], urbanicity (k= 4) [14], migrant status (Oliver et al. [14], k= 2;
Moore et al. [16], k= 3; total k= 4), brain injury (k= 2) [14] and
perinatal complications (k= 6) [14], even though isolated studies

Records identified from:
1. Databases (n=1454)

Scopus (n=544)
Cochrane (n=405)
Pubmed (n=315) 
PsychINfo (n=190)

2. Manual search of reference 
lists (n = 3)

Duplicate records removed
before screening (n = 377):

Records marked as ineligible 
by automation tools (n = 354
marked as r )
Records removed for other 
reasons (n = 23)

Records screened
(n = 1080)

Records excluded (n = 951)
Reasons for exclusion:

1: not peer reviewed (n=46)
2: Design other than systematic 
review or meta-analysis (n=97)
3a: Population other than CHR 
(n = 678)
3b: Outcome other than 
transition to psychosis (n = 74)
3c: Exposure other than 
baseline predictors or 
biomarkers (n = 40)
Publication date out of range 
(n=11)
Language other than English 
(n=5)

Reports sought for retrieval
(n = 129)

Reports not retrieved
(n = 3)

Reports assessed for eligibility
(n = 126)

Reports excluded (n=86):
Reasons for exclusion:

2: Design other than systematic 
review or meta-analysis (n=62)
3a: Population other than CHR 
(n=5)
3b: Outcome other than 
transition to psychosis (n=12)
3c: Exposure other than 
baseline predictors or 
biomarkers (n=3)
Language other than English 
(n=1)
Other reasons: n=3 (see text)

Reports included in review
(n = 40)
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Fig. 1 PRISMA data selection flow diagram. The number of studies identified/excluded at each step is indicated in brackets.
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have included education (k= 4) and urbanicity (k= 1) as
significant predictors in multivariable models [19, 21].
Stress associated with perceived stigma was reported to be a

significant predictor in two reviews (Montemagni et al. [19] and
Riecher and Studerus [13]), although this result was based on a
single study [22]. In contrast, overall evidence for stigma as a
predictor of transition was found to be non-significant in the
meta-analysis by Oliver et al. [14]; however, this conclusion was
based only on two studies [22, 23], one of which was the above-
mentioned study by Rüsch et al. [22].
Finally, a systematic review by Izon et al. [24] identified only one

study that investigated the association of expressed emotion in
the family with transition in CHR. The study in question [25]
reported a significant association between transition and
perceived irritability of the most important person in the social
environment, but not other aspects of expressed emotion such as
criticism and emotional overinvolvement.

Clinical predictors
Symptoms: Severity of attenuated psychotic symptoms at base-
line is reported as a significant predictor of predictors in a meta-
analysis that assessed findings in children and adolescents
(Catalan et al. [26], k= 1), and was one of only two predictors

that achieved a highly suggestive evidence level in a meta-
analysis by Oliver et al. [14] (k= 49), albeit with a small effect size.
This conclusion is consistent with earlier reviews [13, 27]. Basic
symptoms, on the other hand, were reported to be a significant
predictor of transition by Tor et al. [27] based on one single study
[28], but a more recent meta-analysis by Oliver et al. [14] found no
association based on two further studies [29, 30]; the scarcity of
evidence probably contributes to this discrepancy.
Oliver et al. [14] also reported suggestive evidence for negative

symptoms (k= 49), but only weak evidence for disorganized/
cognitive symptoms (k= 18; see also Tor et al. [27], k= 2), general
symptoms (k= 21) and total symptoms (k= 21); in all cases, the
effect sizes reported were small. Symptoms belong to the
predictors more frequently assessed in multivariable models
[19, 21]; the majority of these models include (attenuated) positive
psychotic symptoms such as auditory hallucinations or delusions
(k= 14) [19, 21], but some studies have also included negative
(k= 5) [21], disorganized (k= 10) [19, 21] or depressive symptoms
(k= 2) [19], or sleep disturbances (k= 2) [19, 21]. Language
abnormalities such as illogical thinking, poverty of content and
reduced referential cohesion might also be relevant for prediction
of transition according to Tor et al. [27], although this conclusion is
based only on one study.

Table 2. Summary of evidence.

Predictor N reviews Evidence Comments

Sociodemographic

Age 4 Not significant on its own, but included in multivariable models

Sex 2 Included in multivariable models

Ethnicity 2

Environmental

Trauma 3

Education 3 Not significant on its own, but included in multivariable models

Baseline living status 1

Employment 2

Parental socioeconomic status 1

Perinatal complications 1

Clinical

Attenuated Psychotic Symptoms 4 Included in multivariable models

Negative symptoms 1 Included in multivariable models

Disorganized symptoms 2 Included in multivariable models

General symptoms 1 Included in multivariable models

Total symptoms 1

Functioning 5

Cannabis use 5 Cannabis use not predictive of transition, but severity of use potentially
relevant

Other substance use 3

Biomarkers

Neurocognition 9 Unclear which domains are most predictive; included in multivariable
models

Stress/Inflammation 4 Not significant on their own, but included in one multivariable model

Structural MRI 2 Significant effect for temporal and paracingulate cortical gray matter

MMN 4 Included in multivariable models

Other

Antipsychotic exposure 1

Handedness 1

The number of squares refers to the number of total studies reviewed (1: 5–15 studies; 2: 16–30 studies; 3: >30 studies). Color code: green—evidence of a
significant association; red—no significant or not conclusive evidence; orange—see comments. Effect sizes are reported in “Results”. Only domains with a total
of ≥5 reviewed studies are included on the table.
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Apart from the type of symptoms as described above, duration
of symptoms at baseline was included as a predictor of transition
in three multivariable models reviewed by Montemagni et al. [19]
and Rosen et al. [21].

Functioning: All five papers assessing this domain (two meta-
analyses [14, 31] and three systematic reviews [13, 19, 21]) report
low levels of global functioning at baseline (assessed with the GAF
or SOFAS) as a predictor of transition. Fusar-Poli et al. [31] reported
a small-to-medium magnitude for this effect and moderate
heterogeneity of results in the 10 studies included in their meta-
analysis; a more recent meta-analysis by Oliver et al. [14] judged
the level of evidence for functioning as a predictor of transition as
highly suggestive and a small effect size, based on 49 studies.

Substance use. Two systematic reviews and three meta-analyses
(Addington et al. [32], k= 10; van der Steur et al. [33], k= 4; Kraan
et al. [34], k= 7; Farris et al. [35], k= 8; Oliver et al. [14], k= 23;
total k= 31) found no significant association of cannabis use with
transition. However, one study (Valmaggia et al., cited in van der
Steur et al. [33], Kraan et al. [34], Oliver et al. [14], and Farris et al.
[35]) reported higher transition rates in frequent compared to
non-frequent users. Another study identified severity of use as a
potentially relevant factor (McHugh et al. [36], cited in van der
Steur et al. [33] and Riecher and Studerus [13]); this variable
considers substance abuse characteristics beyond frequency of
use, specifically the subjective need for the substance, impaired
capacity to control use, impaired capacity to stop use, social
problems and risk-taking behavior associated with use [36]. In line
with this finding, the presence of cannabis dependence was a
significant predictor of transition in one meta-analysis (k= 5) [34],
an effect of moderate magnitude. Although younger age of onset
of cannabis use was found to result in younger age of psychosis
symptom onset (k= 1) [32], findings regarding the relevance of
age at onset of use for transition probability have been discrepant
(k= 2) [33]. Moreover, Farris et al. reported that age, male gender
and continent were not statistically significant factors contributing
to heterogeneity between studies.
Use of other substances including tobacco (Oliver et al. [14],

k= 10; Gogos et al. [37], k= 2; total k= 10) and alcohol (k= 10)
[14] has not been found to predict transition, even though
substance use has been included in one influential predictive
model of transition (Cannon et al. [38] cited in Montemagni et al.
[19]). One study even reported reduced alcohol use in patients
who later transitioned into psychosis, but its authors interpreted
this effect as a reflection of social withdrawal (Buchy et al., cited in
Montemagni et al. [19]).

Neurocognition. Some multivariable predictive models of transi-
tion have included neurocognitive performance as significant
predictors (k= 2) [19], although the type of domains/tests
included varies. Three meta-analyses [26, 39, 40] and four
systematic reviews [13, 19, 21, 27, 41] have investigated
neurocognitive performance at baseline as a predictor of
transition. Three early meta-analyses (de Herdt et al. [39], k= 10;
Fusar-Poli et al. [42], k= 7; Bora et al. [43], k= 11; total k= 17)
yielded divergent findings: De Herdt et al. reported significant
effects only for working memory and visual learning, with a small
effect size; Fusar-Poli et al. [42] additionally reported a significant
association of verbal fluency and verbal memory, as well as IQ with
later transition; while Bora et al. [43] reported that patients with
later transition showed lower IQ and impairment in all cognitive
domains except sustained attention and with small-to-medium
effect sizes, although individual tasks (TMT-A and letter-number
sequencing) were not associated with transition. A more recent
meta-analysis (Catalan et al. [40], k= 22; overlap of 4 studies with
the above three meta-analyses) found that deficits in verbal
memory (also reported as a significant predictor by Seabury and

Cannon [41], with an effect size of 0.39, k= 8), visual memory,
executive function, processing speed, attention/vigilance and IQ
were associated with later transition with moderate heterogeneity
and a small-to medium effect size, although the magnitude of
effect was dependent on the exact paradigm used to assess each
cognitive domain [40]. The same meta-analysis found no
significant effect for verbal fluency (k= 4) and working memory
(k= 5) [40]. The latter finding is in contrast to previous systematic
reviews (Seabury and Cannon [41], k= 4; Riecher and Studerus
[13], k= 2) that reported working memory as a predictor of
transition, and to its inclusion as a significant predictor in
multivariable models (k= 3) [21]. The discrepancy in findings
might be explained by the rather small magnitude of the effect of
working memory, by differences in the paradigms used and in the
statistical methods applied, or by differences in sampling [41]: For
example, working memory lost its significance as a predictor of
transition after controlling for demographic characteristics in a
study by Carrion et al. [44] (cited in Seabury and Cannon [41]).
Social cognition has also been investigated as a predictor of

transition. Findings in this field have been summarized by van
Donkersgoed et al. [45] in a systematic review: The evidence they
present does not support an association of theory of mind (k= 4),
prosodic affect recognition (k= 2), social perception (k= 1) and
attributional style (k= 1) with later transition. Results regarding
facial affect recognition were mixed, with two negative studies
and two further studies reporting abnormal performance in
patients with later transition, but opposite patterns of emotion
mislabeling [45].

Structural and functional MRI. Neuroimaging represents a very
active research area in the search of biomarkers for transition. Our
search identified five systematic reviews [13, 19, 41, 46, 47] and
three meta-analyses [48–50]; however, all were devoted to
specific, circumscribed questions. For more comprehensive
reviews of the literature in this field, we refer to reader to a
recent narrative review by our group [51] and to a comprehensive
umbrella review by Hager and Keshavan [11].
Bodatsch et al. [46] (k= 5) and Seabury and Cannon [41] (k= 1)

reviewed fMRI studies of cognitive processing. They both report
increased activation in task-related and subcortical areas in
patients with later transition, such as increased activity in
temporal, language, precentral, caudate and striate regions during
language processing [46]; increased activity in frontal regions, the
brainstem and the hippocampus (as well as increased midbrain-
prefrontal connectivity) during verbal fluency tasks [46]; and
increased activity in left frontal, left inferior parietal and right
temporal areas during verbal memory retrieval [41]. Altogether,
these findings appear relatively unspecific in terms of functional
neuroanatomy and are based on few studies, often with
overlapping patient populations. Regarding resting-state fMRI,
Riecher and Studerus [13] reported reduced connectivity in the
salience network and aberrant thalamocortical connectivity, each
investigated in one study.
Three papers addressed structural MRI findings. Of these,

Montemagni et al. [19] reported that volumetric changes in
prefrontal perisylvian and subcortical structures were included in
two predictive models of transition, and that a further study used
multivariate pattern classification based on structural MRI data. In
contrast, a single-voxel meta-analysis of cortical gray matter by
Fortea et al. [49] (k= 8) reported reductions in the right temporal
lobe and superior and middle temporal gyrus, as well as right ACC
and paracingulate gyrus in CHR patients with later transition
compared to those without, with a small-to-medium effect size. A
meta-analysis by Hinney et al. [48], on the other hand, focused on
hippocampus size as a potential predictor of transition (k= 5); the
authors found small, non-significant differences between patients
with and without later transition in the left and right hippocampus,
and high heterogeneity in findings regarding the left hippocampus.
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Finally, magnetic resonance spectroscopy findings were
addressed by a meta-analysis (Romeo et al. [50], k= 6) and a
systematic review (Treen et al. [47], k= 1, included in Romeo et al).
Given the considerable variation in investigated metabolites and
brain regions, many reported findings were based on single
studies. The most consistent findings concerned N-acetylaspartate
and choline in the medial temporal lobe (k= 3) and the
dorsolateral prefrontal cortex (k= 2), and Glx (i.e., the combined
signal of glutamate and glutamine) in the medial temporal lobe
(k= 3), for which no association with transition was observed.

Electrophysiology. Several electroencephalography (EEG)-based
markers have been investigated as predictors of transition in
clinical high-risk patients. The most consistent finding is mismatch
negativity (MMN), an event-related potential (ERP) elicited by
infrequent deviant tones in a sequence of standard tones. In all
included reviews, the majority of reviewed studies report reduced
MMN amplitude in patients with compared to those without later
transition (Bodatsch et al. [46], k= 4; Perrottelli et al. [52], k= 6;
Seabury and Cannon [41], k= 5; total k= 6). This association was
confirmed in a recent meta-analysis by Ericson et al. [53] (k= 5)
and is more prominent for MMN in response to duration (dMMN,
k= 6) than to pitch (pMMN, k= 2) deviants [52].
Another frequent research subject is the P3 component, elicited

in response of low probability target stimuli in oddball paradigms.
Evidence regarding the P3 with respect to transition is rather
inconsistent (k= 2) [46], which may be due to different paradigms
used: The majority of studies investigating the subcomponent P3b
(elicited by target stimuli as described above) found it to be
reduced in amplitude in patients with later transition (k= 5) [52],
whereas results regarding the P3a (elicited by infrequent
distractor stimuli that require no response [52]) are mixed, with
most studies finding no association with later transition (k= 3).
Results regarding other ERP markers such as prepulse inhibition

(i.e., a weak pre-stimulus inhibiting an ensuing reflex-like response;
k= 1) [46] and sensory gating (i.e., the relative suppression in a
quick succession of sensory events; k= 3) [46] are mixed. Other
resting-state EEG markers such as scalp or source power, or
synchronicity, in specific frequency bands, have also been
investigated in a few studies but yielded inconsistent results
(Perrottelli et al. [52], k= 4; Riecher and Studerus [13], k= 3).

Stress hormones and inflammatory biomarkers. Evidence regard-
ing inflammatory biomarkers was reviewed in two systematic
reviews (Khoury and Nasrallah [54], k= 14; Schiavone and Trabace
[55], k= 2; total k= 14) and two meta-analyses (Misiak et al. [56],
k= 4; Park and Miller [57], k= 4; total k= 4, all included in the
review by Khoury and Nasrallah [54]). Overall, there is no
significant evidence linking inflammatory, pro-inflammatory or
anti-inflammatory cytokines to later transition [54, 56, 57]; the
same holds for acute-phase proteins (CRP and fibrinogen),
although one small study reported reduced albumin plasma
levels in patients with later transition [58] (cited in Khoury and
Nasrallah [54]). Similarly, most studies investigating cortisol levels
in plasma or saliva have not found differences with respect to later
transition (Khoury and Nasrallah [54], k= 5; Karanikas and
Garyfallos [59], k= 4; total k= 7), and the effect of cortisol as a
predictor was found to be non-significant in a recent meta-
analysis (Chaumette et al. [60], k= 5). Evidence regarding other
aspects of cortisol regulation is limited, with one small study
observing lower cortisol peak levels after dexamethasone
suppression [61] (cited in Karanikas and Garyfallos [59] and
Khoury and Nasrallah [54]), while two further studies reported
opposite patterns (increase vs. decrease) of cortisol awakening
response in patients with later transition [54]. However, a classifier
that was developed within the NAPLS study using greedy
algorithm analysis of 117 potential biomarkers included four
cytokines (IL-1β, IL-7, IL-8 and chemokine-ligand 8), as well as

cortisol and matrix metallo-proteinase(MMP)-7 as predictors of
transition among a final set of 15 selected biomarkers. [19, 54]
Finally, one study [13] (reviewed by Riecher and Studerus [13])

reported increased prolactin levels in patients with later transition,
although it is unclear whether these represent a stress-related
epiphenomenon, or contribute to the emergence of psychosis via
pro-inflammatory or cognitive-mediated pathways [62].

Other predictors. Boldrini et al. [63] systematically reviewed
evidence on the link of personality characteristics to later
psychotic transition. The authors reported mixed results regarding
schizotypal personality disorder (k= 3) and note that studies that
found an association investigated samples with a greater mean
age or implemented a longer follow-up period. Their interpreta-
tion was that schizotypal personality disorder represents a ‘distal’
trait factor, i.e., temporally more remote from the development of
psychosis, and thus more important in the long term. One study
[64] (cited in Boldrini et al. [63]) observed a link between schizoid
features at baseline and later transition, although this effect was
weak. Finally, borderline personality characteristics did not predict
transition in the few studies (k= 2) that investigated this
predictor, although no definite conclusions can be made because
of the small sample sizes and/or the use of self-rating scales rather
than diagnostic interviews [63].
Pieters et al. [65] summarized evidence on motor abnormalities

as predictors of transition in a systematic review. They report
mixed results with respect to neurological soft signs, but increased
baseline dyskinesia in patients with later transition (k= 3);
moreover, one study found that motor dysfunction rated in the
scale of prodromal symptoms was associated with later transition
[66] (cited in Pieters et al. [65]).
Exposure to antipsychotic at the timepoint of CHR diagnosis

was investigated in a meta-analysis by Raballo et al. [67] (k= 16).
The authors reported that CHR under treatment with antipsycho-
tics at baseline had a higher risk of transition, but the magnitude
of effect was small, there was high heterogeneity between studies
and the association was not significant in the random-
effects model.
Finally, Oliver et al. [14] report weak evidence for an association

of transition with right-handedness (k= 16) with a small effect
size, and no significant evidence linking height (k= 5) or BMI
(k= 3) to later transition.

Multivariable models with combined predictors. In recent years, a
growing number of studies have developed predictive models of
transition based on a combination of different predictors. Most of
these combine symptom patterns with further predictors such as
sociodemographic/environmental predictors, neurocognition,
electrophysiological or serum biomarkers, in the hope of
improving predictive performance compared to symptoms alone.
[13, 19, 21] Although many of these models achieve good
discrimination performance, they differ widely in their selection of
included variables and most of them have not been indepen-
dently validated, making their generalizability difficult to assess. In
an innovative approach, Rosen et al. [21] identified 22 prediction
models of transition by systematic review and evaluated their
performance in an independent dataset of 173 CHR patients.
Discrimination performance varied widely across models, with
only 13 models performing above chance and only two models
achieving acceptable discrimination (defined by the statistical
criterion of area under the curve (AUC), with AUC ≥ 0.70,
indicating a model that identifies 70% οf transitions correctly) [21].
In an alternative approach, Malda et al. [15] used data from a total

of 1676 individual patients from 15 studies to create an individualized
prognostic model of transition in CHR based on simple variables
assessed at baseline. Significant predictors in the model were sex, age,
the type of risk (genetic risk with functional deterioration, attenuated
psychotic symptoms, or brief limited intermittent psychotic
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symptoms), functioning, and negative and positive psychotic
symptom severity. The model was evaluated using internal-external
cross-validation (i.e., ‘leave-one-study-out’), which resulted in perfor-
mance that was higher than chance, but moderate.

DISCUSSION
The present umbrella review aimed to provide an overview of
evidence regarding predictors of transition among characteristics
present at baseline in CHR patients. Predictors most consistently
associated with later transition were attenuated psychotic symp-
toms and functioning. There is also adequate support for negative
symptoms and neuropsychological deficits, especially verbal
memory, as predictors of transition. Further, there are indications
for a potential role of some sociodemographic (sex, age) and
environmental factors (living status, employment, perinatal com-
plications), trauma, cannabis dependence, disorganized symptoms
and the electrophysiological marker of the MMN. However, the
evidence base for all of these latter factors is less extensive (i.e.,
based on single reviews or a smaller number of studies).
Our search identified 40 systematic reviews, which assessed a

total of 272 studies, as well as 2 umbrella reviews and 62 further
narrative reviews published in the past 10 years. More than a third
of included reviews (k= 16) were published in the last 2 years,
reflecting a rather active, though specialized, field of research. In
light of this, the most notable finding of our review is the relative
paucity of associations that are sufficiently reliable to influence
clinical practice. Most predictors have been assessed in a few
studies with small sample sizes. This is a general shortcoming of
prediction research in CHR patients, given that risk is defined only
in help-seeking populations (thus limiting recruitment possibilities),
while heterogeneous populations and relatively infrequent transi-
tion events pose a challenge on generalizability. Such an example
of generalizability issues can be found in an analysis of machine
learning models for schizophrenia [68], which observed diminish-
ing diagnostic accuracy with increasing sample size, presumably
due to overfitting in models derived from small samples.
The diversity of methods and its effects on study comparability

is another issue that limits interpretation of findings. With respect
to variable selection, the results of this diversity are particularly
evident in prognostic models investigating symptoms as pre-
dictors of transition, with some including broader categories such
as positive symptoms and disorganized communication, while
others include more fine-grained items such as unusual thought
content and suspiciousness, or illogical thinking, which differ
between studies [19, 21]. Similarly, coding of variables such as
ethnicity varies between studies, with some assessing the effect of
non-white ethnicity, while others take a more differentiated view
of ethnic groups [14]; the impact of these differences on findings
has not been systematically studied. Another factor that might
affect findings are varying referral and/or recruitment practices
and assessment standards across sites [51]. For example, Sanfelici
et al. [12] note that American studies have used younger samples
than European studies. Therefore, broad replication of samples is
of utmost importance. This is nicely demonstrated by performance
of a risk calculator by Cannon et al. [69] in different CHR
populations: The risk calculator achieved adequate discrimination
(71%) in the original North American sample [69], and comparable
performance (79%) in an external validation sample from another
project that recruited patients in the United States of America [70].
However, replication in a Chinese sample resulted in much lower
discrimination performance (63%) [71]. A final factor that affects
reported findings are analysis methods. For example, cross-
sectional comparisons at baseline between patients with and
without later transition have produced different results (e.g.,
regarding age) than multivariable models, which take into account
correlations between predictors. On the other hand, performance

and generalizability of multivariate models depend substantially
on the statistical approach used [12].
Based on the above, a strategical issue emerges: How is the field

to proceed in order to identify predictors and generate prognostic
models that are sufficiently reliable to inform clinical practice? An
obvious inference is that there is urgent need for coordinated
action and harmonization of methods across different sites, in
order to achieve adequate power and generalizability through
large samples and robust validation procedures. A step in this
direction was made recently in the form of HARMONY (National
Institute of Mental Health’s Harmonization of At-Risk Multisite
Observational Networks for Youth), a collaboration of four large-
scale projects that address individualized prediction in psychotic
disorders and CHR (NAPLS, PNC [72], PSYSCAN and PRONIA), which
aims to enable joint analyses of their data and cross-validation of
their results. Alternative strategies are also emerging: One such
promising approach is transdiagnostic prediction of outcomes
other than psychotic transition such as functioning, severity across
different symptom dimensions, or treatment response. This
approach has the advantage of addressing the multidimensional
symptomatology of CHR patients, most of whom present with at
least one other formal psychiatric diagnosis and have high
psychiatric morbidity and functional impairment in the long term
irrespective of transition. First studies have adopted such a
perspective, focusing on (transdiagnostic) prediction of outcomes
other than transition [73–75]. Another promising avenue is the
application of new techniques to better understand performance
of prediction models, such as explainable artificial intelligence,
which analyses the contributions of specific variables at the level of
the individual and is able to detect potential biases in models [76].
Some limitations of our review need to be acknowledged. First,

we chose to represent all findings without prioritizing according to
specific criteria to better reflect the heterogeneous field of CHR
prediction research, as described above. We tried to minimize the
risk of drawing inferences based on outdated or low-quality findings
by providing details about the number of studies included and the
methodological quality of each review or meta-analysis. Second, our
review only included papers investigating baseline predictors of
transition, as these are potentially relevant for stratification of
patients to interventions of different intensity. However, dynamic
changes in certain predictors such as functioning or neurocognitive
deficits [77, 78] are also important for predicting an impending
transition and should be considered in further reviews.

CONCLUSIONS
After more than 30 years of clinical high-risk (CHR) research, few
findings regarding prediction of transition in CHR patients are
supported by a robust evidence base. The present umbrella
review identified high-level evidence supporting clinical charac-
teristics such as attenuated psychotic symptoms, negative
symptoms and functioning, neurocognitive deficits (particularly
verbal memory) and an electrophysiological marker (mismatch
negativity) at baseline as the best-established predictors of later
transition in CHR patients. Further predictors have shown promise
but need to be investigated in future studies and refined
prediction models. Large samples and harmonization of methods
are necessary to overcome the limitations of a currently still very
heterogeneous field of research.
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