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ARTICLE INFO ABSTRACT

Keywords: A multitude of prediction models for a first psychotic episode in individuals at clinical high-risk (CHR) for

Ps.yc.hosis' ' psychosis have been proposed, but only rarely validated. We identified transition models based on clinical and

Eluz_cal. high-risk neuropsychological data through a registered systematic literature search and evaluated their external validity in
rediction

173 CHRs from the Personalised Prognostic Tools for Early Psychosis Management (PRONIA) study. Discrimi-
nation performance was assessed with the area under the receiver operating characteristic curve (AUC), and
compared to the prediction of clinical raters. External discrimination performance varied considerably across the
22 identified models (AUC 0.40—0.76), with two models showing good discrimination performance. None of the
tested models significantly outperformed clinical raters (AUC = 0.75). Combining predictions of clinical raters
and the best model descriptively improved discrimination performance (AUC=0.84). Results show that
personalized prediction of transition in CHR is potentially feasible on a global scale. For implementation in
clinical practice, further rounds of external validation, impact studies, and development of an ethical framework

Model validation

Early intervention
Precision medicine
Translational psychiatry

is necessary.

1. Introduction

Within preventive psychiatry, a plethora of personalized models
predicting the development of a first psychotic episode in patients with a
clinical high-risk (CHR) for psychosis (henceforth,“transition models™)
have been proposed based on different modeling strategies and data
modalities, including clinical, neurocognitive, and neurobiological data
(Bodatsch et al., 2015; Sanfelici et al., 2020; Studerus et al., 2017).

Following an indicated preventive approach, CHR criteria enable the
identification of a group of adolescents and young adults showing first
signs of the potentially developing disorder who often are in need for
treatment and experience serious functional impairments (Catalan et al.,
2020; Fusar-Poli et al., 2013, 2020). However, a recent meta-analysis
suggests transition risk in CHR individuals of 22 % at 3-years (Fusar--
Poli et al., 2020), reflecting only moderate capacity of currently estab-

consequence of recruitment strategies aimed at indicated prevention in
help-seeking samples (Fusar-Poli et al., 2012, 2016; Schultze-Lutter
et al., 2015).

Given the only moderate clinical utility of the CHR status to rule in
psychosis risk (Fusar-Poli et al., 2015), transition models aim at
improving prognostic accuracy in CHR samples to inform patients about
their risk more accurately, compliant with ethical principles (Starke
et al., 2020; Woods et al., 2020). At the same time, improved transition
prediction may prevent unnecessary treatment and self- and other
stigma (Moritz et al., 2019). The hope is that transition models based on
resource-efficient data, such as clinical and neuropsychological vari-
ables, can inform clinical practice in two ways. First, by refining prog-
nosis and identifying decisive factors for transition to psychosis, these
models can inform interventions in CHR populations in the context of
precision medicine, preventing burden associated with psychotic dis-

orders. Second, transition models could serve as a first stage before
costlier assessments, such as neuroimaging, in the context of adaptive

lished CHR criteria to rule in psychosis. One suggested reason behind the
associated low specificity is risk enrichment in CHR samples, an inherent
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sequential testing (Koutsouleris et al., 2018; Ruhrmann et al., 2010;
Schmidt et al., 2017). However, the external validity and actual benefit
for clinical practice of the published transition models remains unclear.
Until today, predicting transition to psychosis in CHR populations has
stalled in the stage of model development and models are rarely used in
clinical practice (Salazar de Pablo et al., 2020). Crucial subsequent steps,
namely external validation and impact evaluations of transition models
on clinical practice and health outcomes (Riley et al., 2016; Steyerberg
et al., 2013), have been largely neglected, with few exceptions
(Addington et al., 2017; Carrion et al., 2016; Malda et al., 2019; Oliver
et al., 2020; Wang et al., 2020; Zhang et al., 2019b). Overall, only 0.2 %
(n =1) of published prediction modeling studies in psychiatry aimed to
investigate the actual implementation of a prediction model in clinical
practice (Salazar de Pablo et al., 2020; Wang et al., 2020). Hence, it is
uncertain which of the plethora of proposed transition models are reli-
able and under which circumstances (Studerus et al., 2017). Moreover,
methodological shortcomings, such as lack of adequate validation stra-
tegies and small sample sizes, might have led to an optimistic bias in the
performance of the published transition models (Royston and Altman,
2013; Sanfelici et al., 2020; Studerus et al., 2017). As a result, it is an
open question how well these transition models will generalize to new
CHR populations, restricting their immediate clinical usefulness.

In order to evaluate the potential benefit of proposed prognostic
models predicting transition to psychosis in CHR individuals and to pave
their way into clinical application, we conducted a systematic external
validation of transition models in the CHR population acquired within a
large multicenter study, the Personalised Prognostic Tools for Early
Psychosis Management (PRONIA) study (Koutsouleris et al., 2018). We
focused on regression models developed in CHR samples with readily
obtainable data, such as clinical and demographic information as well as
neuropsychological data, that can be applied in most clinical contexts.
Beyond generalizability to unseen data, a transition model should also
demonstrate some degree of clinical effectiveness, i.e. enhancing a cli-
nician’s decision-making (Altman and Royston, 2000; Wyatt and Alt-
man, 1995). Thus, we evaluated the potential usefulness of transition
models by determining their gain in predicting transition to psychosis
compared to the individualised prediction of transition by clinical raters
who had assessed patients extensively.

2. Methods
2.1. Identification of relevant models

Based on PRISMA guidelines (Moher et al., 2009), we identified
relevant transition models (i.e. prognostic models developed in CHR
individuals intended to predict transition to psychosis in CHR in-
dividuals), through systematic literature search in the databases PubMed
and Web of Science from January 1, 1990 up to April 30, 2020, using the
term (predict* OR "vulnerability marker" OR "risk factors for transition")
AND psychosis AND ("clinically at high risk" OR "clinically at risk" OR
"clinical high risk" OR "ultra high risk" OR prodrom* OR "at risk mental
state" OR "risk of psychosis"). The search protocol was publicly regis-
tered at https://osf.io/bng4s. To be eligible for the present validation
study, articles had to: (1) be written in English; (2) report original data
(as opposed to e.g., reviews and study protocols); (3) be published in a
peer-reviewed journal; (4) involve a group of individuals (as opposed to
e.g., single case or animal studies) (5) with a CHR for psychosis (ac-
cording to internationally recognized criteria, i.e. ultra-high risk (UHR)
or basic symptoms (BS)) (Schultze-Lutter et al., 2015; Studerus et al.,
2017) that were prospectively followed up (6) and on the basis of which
a prognostic model that predicted later transition to psychosis from
variables obtained at baseline was developed (7) using demographic,
clinical or neuropsychological data only (8) with a regression model
(either Cox or logistic regression, including regularized variants) (9)
including at least two significant predictor variables in the final prog-
nostic model (‘multivariable model’); (10) use only variables (or
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variables measuring the same concept) in the final model that were
available in our validation data set; (11) report sufficient details to allow
application of the model in an external sample. We also checked recently
published overview articles (Sanfelici et al., 2020; Studerus et al., 2017)
for additional studies. Two researchers (MR, LB) performed the litera-
ture search. Discrepancies were solved in a consensus meeting with a
third author (JK). Importantly, we did not exclude studies that used
different questionnaires or assessments for a given predictor variable (e.
g., different neurocognitive tests assessing auditory verbal learning),
given that methodologic transportability is one formal aspect of gener-
alizability, i.e., if models maintain accuracy when they are tested in data
collected using alternative methods (Justice et al., 1999). However, we
required available assessments in the PRONIA sample to be comparable
or convertible to the scale of assessment used in an eligible prediction
model (as is the case, for example, when z-scores are used in the pre-
diction model). Similarly, we included studies with variable follow-up
intervals, which allowed us to assess follow-up period transportability,
another aspect of model generalizability that reflects whether prediction
models maintain accuracy when predictions are tested over a longer or
shorter follow-up period (Justice et al., 1999). Included studies were
evaluated with respect to their methodological quality according to the
Newcastle-Ottawa Scale (NOS (Wells, 2001)) to which we added three
statistical criteria (dichotomization of continuous variables, event per
predictor variable rate, validation strategy) to evaluate the quality of
model development.

2.2. Prediction of clinical raters

We compared the identified data-driven transition models to the
individualized prediction of later transition (yes/no) provided by the
health care professionals (all psychologists or psychiatrists) in the
PRONIA consortium (henceforth, ‘raters’) (Koutsouleris et al., 2018).
Specifically, at the end of the extensive PRONIA assessment, the
attending clinical rater had to provide a prediction as to whether the
assessed patient would, in his or her opinion, transition to psychosis at
some point or not. We also explored whether an integration of
data-driven clinical models and the prediction of transition by clinical
raters could improve prognostic accuracy (‘combined model’). To this
end, we averaged the prognostic score from the best-fitting model in our
sample with prediction of transition by clinical raters. To assess effects of
rater experience on prognostic accuracy, we stratified raters by experi-
ence with assessment of CHR participants into experienced (> 24
months of experience at the time of assessment) and less experienced
raters (< 24 months of experience at the time of assessment) using a
median split.

2.3. Validation sample

We validated the eligible models in the CHR sample of the multisite,
naturalistic PRONIA study (German Clinical Trials Register identifier
DRKS00005042). Details on the study rationale and protocol are avail-
able elsewhere (Koutsouleris et al., 2018). In brief, PRONIA followed up
individuals at CHR, patients with recent-onset depression, patients with
recent-onset psychosis, and healthy control participants in 10 academic
early-recognition services in 5 European countries. Participants were
recruited between February 2014 and November 2017. The scheduled
follow-up time was 18 months, which was extended given the patient’s
consent. The CHR state in PRONIA was defined by: (1) cognitive dis-
turbances (COGDIS), as assessed by the Schizophrenia Proneness In-
strument (SPI-A (Schultze-Lutter et al., 2007)); and/or (2) adapted
PRONIA ultra-high-risk (UHR) criteria for psychosis, as measured by the
Structured Interview for Psychosis-Risk Syndromes (SIPS (McGlashan
et al., 2010)). For inclusion and exclusion criteria, see supplementary
method 1. Transition to psychosis was defined by the presence of at least
one SIPS positive item with a severity score of 6 for more than seven
days. CHR assessments and transitions to psychosis were supervised in
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monthly telephone conferences by an expert in CHR assessments (FSL).

All participants provided their written informed consent prior to
study inclusion. For underage participants, guardians provided written
informed assent in addition. Local research ethics committees at each
site approved the study protocol.

2.4. Statistical analyses

We performed all analyses in the R language for statistical
computing, version 3.6.3 (R Core Team, 2020). Throughout, we
considered a significance level of a <.05. For descriptive statistics, we
computed Welch’s two sample t-tests for continuous, Wilcoxon
rank-sum tests for ordinal, and y>-tests for categorical data.

2.4.1. Model validation

We attempted to use variables from the PRONIA validation data set
that corresponded exactly, or as closely as possible to those used in the
identified prediction models (details in supplementary method 2 and
supplementary Table 1). We allowed up to 25 % missing values per
subject in each predictor model, and imputed missing values via the k-
Nearest Neighbour (kNN) algorithm. For external validation of the
identified transition models, we assessed discrimination and calibration
in the PRONIA CHR sample. Discrimination refers to the ability of a
prediction model to distinguish low-risk from high-risk individuals
(Altman and Royston, 2000; Royston and Altman, 2013). We computed
the prognostic index (PI) for each CHR participant (supplementary
method 3). We used area under the receiver operator characteristic
curve (AUC) to measure discrimination performance of the models in the
PRONIA data. 95 %-confidence intervals (CI) for the AUC were
computed based on 1000 stratified bootstrap samples. To determine the
optimal PI-cutpoint, we optimized the Youden index. Based on the
optimal PI-cutpoint, we computed additional end-point related perfor-
mance measures - sensitivity, specificity, balanced accuracy (BAC),
positive predictive value (PPV), negative predictive value (NPV) and
positive and negative likelihood ratio (LR). For each model, we per-
formed a permutation test (1000 permutations) to assess whether its
performance (AUC) was significantly better than chance (Ojala and
Garriga, 2010). Additionally, we quantified generalizability of each
model in terms of the difference in AUC between the development and
the validation sample within the models that report development per-
formance, and following previous literature (Salazar de Pablo et al.,
2020), provide the Pearson correlation between development and vali-
dation performance. For each model, we also tested if it performed
significantly better than prediction of transition by clinical raters using a
permutation test (1000 permutations).

Calibration refers to the accuracy of absolute risk estimates, i.e. the
agreement between predicted and observed risks (Altman and Royston,
2000; Royston and Altman, 2013). A clinical prediction model is
well-calibrated if, for example, it predicts a probability of 40 % risk of
transition to psychosis for one participant at CHR, and similar partici-
pants would transition to psychosis 4 out of 10 times. Calibration in the
strict sense can only be assessed if the baseline hazard function is re-
ported (Royston and Altman, 2013). If that was the case, we compared
the predicted population-averaged cumulative hazard curves per pro-
posed risk class of the model (typically based on the PI) with the
observed Kaplan-Meier cumulative hazard curves of these risk classes
(Royston, 2015) (supplementary methods 4). In all other cases, we used
a simple form of calibration by estimating the regression slope on the PI
with the PI as the single covariate. Regression slopes smaller than 1
indicate overfitting and need for recalibration (Royston and Altman,
2013). When available, we compared Kaplan-Meier cumulative hazard
curves of risk classes proposed in the development data, which supports
a rough evaluation of model calibration (Royston and Altman, 2013;
Steyerberg et al., 2013).
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2.4.2. Decision curve analysis

For the best performing model in our external validation data set, we
additionally performed decision curve analysis (Vickers et al., 2019;
Vickers and Elkin, 2006). In decision curve analysis, a clinical judgment
of the benefit-harm ratio associated with the prediction by a model is
plotted against threshold probability, defined as the minimum proba-
bility of transition to psychosis at which further intervention would be
warranted. In the present case, benefits may refer to preventing psy-
chosis in CHR individuals, and harms may involve, among other aspects,
unnecessary treatment. Benefits are displayed as net benefits, i.e., the
difference between true positive and false positives predictions from the
model. The threshold probability reflects a clinician’s weighting of dif-
ferential outcomes in decision-making: the harm of missing a transition
to psychosis on the one end and the harm of unnecessary treatment on
the other; the lower the threshold probability, the lower the perceived
harm of unnecessary treatment compared to the perceived benefits of
predicting transition to psychosis (Vickers et al., 2019). For subsequent
net benefit analysis, we used 7.7 % as a reference threshold probability
for recommending indicated interventions to prevent psychosis
(Fusar-Poli et al., 2017). Converted to odds, this reflects a clinician’s
belief that missing a transition to psychosis is about 12 times worse than
commencing unnecessary treatment (Fusar-Poli et al., 2017; Vickers
et al., 2019).

2.4.3. Sensitivity analysis: meta-regression

We used multiple linear regression analysis to assess the influence of
the following study characteristics on model performance (measured by
AUC) in the PRONIA CHR sample: year, continent (Europe/not Europe),
CHR assessment (SIPS vs. CAARMS), dichotomization of predictors in
model development (yes/ no), event per predictor rate, internal or
external validation strategy used during model development (yes/no),
difference in follow-up period to PRONIA 18-month-follow-up, and
predictors replaced in validation (yes/no).

3. Results
3.1. Validation models

In the literature search, we identified 1806 unique records. Of these,
k =22 prediction models for transition to psychosis were eligible and
included in the present validation study (Addington et al., 2017; Carrion
et al., 2018; Cornblatt et al., 2015; Dragt et al., 2011; Haidl et al., 2018;
Hengartner et al., 2017; Kotlicka-Antczak et al., 2019; Lemos-Giraldez
et al., 2009; Lencz et al., 2006; Lin et al., 2013; Malda et al., 2019;
Metzler et al., 2016; Michel et al., 2014; Niles et al., 2019; Rosen et al.,
2019; Ruhrmann et al., 2010; Salokangas et al., 2012; Thompson et al.,
2011; Walder et al., 2013; Yung et al., 2004; Zhang et al., 2020, 2019a)
(Table 1). For a flow-chart of the literature search, see supplementary
Fig. 1. Note that for studies that report separate models for comple-
mentary subgroups based on sex (Rosen et al., 2019; Walder et al.,
2013), we referred to the weighted aggregate performance of the
separate models in the results section, unless stated otherwise. One
study (Zhang et al., 2020) reported age-specific prediction models for
adolescents and adults. Here, formal external validation was only per-
formed on the adult-model, given very limited prevalence of adolescent
CHR participants (n =10, including only 1 transition) in the PRONIA
sample, which would result in uninformative measures of external
discrimination performance.

In terms of study quality, all studies achieved a score between 6 and
10 (median = 8) of 13 possible points on our adapted version of the NOS
(supplementary Table 2). Quality differences emerged in inclusion of
control variables, drop-out rate, event per predictor ratio, dichotomi-
zation of continuous variables and application of model validation
strategies.
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3.2. External validation sample

Table 2 shows baseline demographic and clinical data for the PRO-
NIA CHR sample used for external validation. In total, this sample
comprised 277 participants with validated CHR status. Of these, 173 had
data available at least until the 18-month follow-up and were used for
external validation (cumulative hazard function in supplementary
Fig. 2). The validation sample comprised individuals transitioning to
psychosis (n = 23) as well as those without transition during 18 months
(n=150). Due to different amounts of missing variables, the validation
sample slightly varied across models (N between 148 and 173).

3.3. Validation performance

3.3.1. Discrimination

Discrimination performance in the external validation sample varied
considerably across the tested studies (AUC = 0.40—0.76; Table 3). For
an overview of the contribution of different predictor domains to each
model, see supplementary Fig. 3. All but nine models (Cornblatt et al.,
2015; Dragt et al., 2011; Kotlicka-Antczak et al., 2019; Lemos-Giraldez
et al., 2009; Rosen et al., 2019; Ruhrmann et al., 2010; Thompson et al.,
2011; Yung et al., 2004; Zhang et al., 2020) predicted transition to
psychosis significantly better than chance in the PRONIA data set. Only
two of the 22 transition models, the models by Hengartner (Hengartner
et al., 2017) and Lencz (Lencz et al., 2006), both of which comprised a
combination of positive symptoms and neurocognitive data, as well as
the prediction of transition by clinical raters, achieved acceptable
discrimination performance with an AUC > 0.70 (Hosmer, 2000) (Fig. 1
for ROC curves and Fig. 2a). The combination of the best-performing
transition model by Lencz (Lencz et al., 2006) and prediction of transi-
tion by clinical raters yielded excellent discrimination performance
(AUC > 0.80 (Hosmer, 2000)) (Fig. 2b). Performance of inexperienced
raters (AUC=0.68) rose markedly when combined with the Lencz
model (AAUC = 0.15). Conversely, performance of experienced raters
was already high (AUC =0.81), with little improvement through the
combination with the Lencz-model (AAUC = 0.02).

For 11 models, discrimination performance in the development
sample was reported. Relative to the discrimination performance ach-
ieved in their respective development samples, performance of these
models dropped when applied in the PRONIA external validation sam-
ple, except for the model by Malda (Malda et al., 2019). This finding
might indicate varying degrees of overfitting in the large majority of
tested models (supplementary Fig. 4). Development and validation
discrimination performance was weakly negatively correlated (r
-0.13, 95 % CI: -0.68—0.51, p = .693); yet influence analysis indicated
that this result was driven by the study of Cornblatt et al. (2015) that
showed substantially worse validation than development performance.
After removal of this outlier study, there was a modest positive, albeit
non-significant correlation between discrimination performance in
development and validation sample (r = 0.42, 95 % CI: -0.29-0.83,p =
.227).

3.3.2. Calibration

Calibration in the strict sense was only possible for the Addington-
model (2017). Results from the calibration analysis (supplementary
Fig. 5) suggested that this model underestimated the individual transi-
tion probabilities in the PRONIA external validation sample across all
proposed risk classes; i.e., outcomes tended to be worse than predicted
(Royston and Altman, 2013). For the other models, only limited evalu-
ation of calibration was possible. Calibration slopes smaller 1 indicated
varying extents of overfitting in the development of the majority of the
models tested. Kaplan-Meier hazard curves per risk class (available for
five models, supplementary Figs. 6a-e) indicated relatively good
agreement with the Kaplan-Meier hazard curves reported in the devel-
opment sample for the model by Addington (Addington et al., 2017), but
only poor agreement for the models by Haidl (Haidl et al., 2018), Michel
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(Michel et al., 2014), Ruhrmann (Ruhrmann et al., 2010), and Dragt
(Dragt et al., 2011).

3.4. Decision curve analysis

Decision curve analysis (Fig. 3) showed that use of the transition
model proposed by Lencz et al. (2006) was associated with relevant net
benefits (> 0.01) across a wide range of threshold probabilities, starting
at 4.6 % compared to ‘treat all’ (Fig. 3). At the reference threshold of 7.7
%, the net benefit compared to ‘treat none’ was 0.06, which translates to
a strategy where treatment is commenced for 6 per 100 CHR patients, all
of whom would later develop psychosis, without conducting unnec-
essary treatment in any non-transitioners. Compared to ‘treat all’, use of
the transition model by Lencz et al. (2006) would be equivalent to
reducing the number of unnecessary treatments by about 22 per 100
CHR patients at a threshold probability of 7.7 %, without missing
treatment for any patients who would later transition to psychosis.

3.5. Sensitivity analysis: meta-regression

Explorative multiple regression analysis showed no significant
impact of any of the model characteristics on external validation per-
formance in the PRONIA sample (supplementary Table 3). On statistical
trend-level, there was evidence that those models that used SIPS for
ascertainment of the CHR status performed better in the PRONIA sample
than those that based inclusion on CAARMS (3 = 0.10, 95 % CI:
-0.006—-0.20, t = 2.00, p = 0.064). Looking at methodological charac-
teristics, we found suggestive evidence that those models that featured
dichotomized predictors showed worse external validation performance
in the PRONIA sample (8 = -0.09, 95 % CI: -0.17-0.002, t = -2.10,p =
0.054). Finally, a higher event per predictor rate was, on trend-level,
associated with better external discrimination performance in the
PRONIA sample (8 = 0.003, 95 % CI: -0.001—0.007, t = 1.78, p = 0.096).

4. Discussion

We provide the first comprehensive external validation study of
transition models conducted in the CHR sample of the multisite Euro-
pean PRONIA study. For maximal feasibility of clinical application, we
focused our systematic literature search on Cox and logistic regression
models based on resource-efficient clinical and neuropsychological data.
In total, we identified 22 transition models for validation that were
developed on samples recruited from 1993 to 2016 in 14 countries with
different health care systems across four continents with an average age
range from 16 to 25 years.

The external performance of the tested models in predicting transi-
tion to psychosis in terms of AUC ranged from 0.40 to 0.76, suggesting
that the performance of the models varied from below chance level to
candidate models that identified three-fourths of transitions correctly.
Across all models, the PPV was low (but comparable to other medical
fields), while the NPV was high, which is, in part, attributable to the
overall low transition rate in our sample. Additionally, risk enrichment
by opportunistic recruitment strategies identified as a crucial factor
driving low transition risk in CHR samples, reflected by low PPV, needs
to be better controlled for and deconstructed (Fusar-Poli et al., 2016).
Positive LRs, which reflect the likelihood of obtaining a true transition in
a patient with a predicted transition, independent of prevalence of
transition, ranged from 1.13 to 4.95. This suggests that the validity of a
positive transition prediction varied substantially across transition
models, from providing virtually no or only very limited additional in-
formation about transition (LR+ < 2) to about a fivefold increase in
transition likelihood given a positive test result. Arguably, a prediction
model should demonstrate higher clinical utility than the CHR status
alone, for which meta-analytic evidence suggests a LR +of 1.82
(Fusar-Poli et al., 2015). Negative LRs of the validated transition models
ranged from O to 0.91, suggesting that the meaning of a negative test
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result also differed considerably across models, from yielding no or only
very limited additional indications for a non-transition (LR- > 0.5) in our
external validation sample to effectively ruling out transition given a
negative test result.

Thirteen of the 22 tested prediction models for transition to psy-
chosis showed above chance performance in the PRONIA validation
sample. Of these, the models by Hengartner (Hengartner et al., 2017)
and Lencz (Lencz et al., 2006) showed a generally acceptable prediction
accuracy (AUC > 0.70 (Hosmer, 2000)) in the PRONIA CHR sample. The
Lencz-model (2006) performed best despite having been developed in a
substantially younger, North American CHR sample, underlining an
external validity promising for implementation. The model by Hen-
gartner (2017) achieved a high sensitivity (95 %), yet only limited
specificity (45 %). Reflecting this, LRs suggested that a negative pre-
diction from this model was considerably more informative than a
positive prediction. The model by Lencz (2006), by contrast, achieved a
better balance between sensitivity (71 %) and specificity (78 %). LRs
showed that positive and negative predictions from this model were
approximately equally informative, increasing the likelihood of transi-
tion and non-transition about threefold, respectively. The increased
LR+ represents a 1.8-fold increase in clinical utility above the CHR
status alone (Fusar-Poli et al., 2015). Decision curve analysis corrobo-
rated the potential clinical utility of the Lencz-model across a wide range
of threshold probabilities. In other words, use of the Lencz-model may
be overall beneficial, largely independent of how much a clinician
weighs the potential harms of a missed transition against those associ-
ated with a false positive prediction, such as unnecessary treatment.

When the Lencz-model was combined with rater prognoses, sensi-
tivity increased substantially to 94 %, while specificity dropped to 67 %.
Particularly a negative prediction from the combined model became
more informative compared to the Lencz-model alone: the likelihood of
a non-transition increased from factor 2.6 to 11.1.

Two studies proposed distinct models for complementary subgroups
based on sex (Rosen et al., 2019; Walder et al., 2013). On aggregate, we
found no evidence that these subgroup approaches outperformed
generalized models.

Due to limited reporting, assessment of calibration in the strict sense
was only possible for the Addington-model (Addington et al., 2017).
This model predicted lower transition probabilities for individual CHR
participants than we observed in the PRONIA sample. PRONIA CHR
participants were on average 4 years older than their counterparts in the
PREDICT sample, reflecting well-known age-differences between Euro-
pean and North American CHR samples (Sanfelici et al., 2020), which
may explain the overall higher transition risk in the PRONIA sample.
Additionally, the PREDICT CHR sample was antipsychotic-naive at
baseline, while there was (limited) exposure to antipsychotics in PRO-
NIA CHR participants, associated with higher risk of transition (Cannon
et al., 2008; Ruhrmann et al., 2010). Commencement of antipsychotic
treatment may be more likely given severe psychosis-like symptoms on
the verge of transition. For the other models, regression slopes on the PI
provided a coarse indicator for the need for recalibration.

Overall, all the studies that reported development performance,
except the Malda-transition model, performed worse in the validation
than in the development sample. The Malda-model was built on the to-
date largest amount of data collected in 15 studies, yielding a modest but
probably realistic discrimination accuracy given that only basic de-
mographic and clinical variables were used for prediction (Malda et al.,
2019). A prognostic model built on such a substantial amount of data
captures many aspects of transition, and therefore generalizes well to
unseen data.

Apart from being generalizable to new populations, prediction
models should be clinically effective, i.e. enhance a clinician’s decision
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beyond their baseline performance (Altman and Royston, 2000; Wyatt
and Altman, 1995). In the PRONIA data set, none of the tested transition
models significantly outperformed the individualised prediction of
transition by clinical raters. In line with a recently proposed multi-modal
transition prediction model generated in the PRONIA sample (Kout-
souleris et al., 2020), complementing prediction of transition by clinical
raters with the best prediction model yielded the highest performance in
the present data set. Transition models based on single specific infor-
mation and clinical raters - having access to all information of the
extended assessments - may capture complementary aspects of prog-
nostic information. Transition models may support clinical
decision-making particularly in the presence of uncertainty, e.g. given
an ambiguous clinical presentation or a clinician less experienced with
at-risk and early stages of psychosis, which is likely the case for many
practitioners working outside specialized early recognition centers. Less
experienced raters in the PRONIA consortium had greater difficulties in
correctly predicting transition to psychosis than experienced raters, and
benefited particularly from transition models. Ultimately, if and under
what circumstances the practical implementation of a transition model
improves outcomes by informing clinical decision-making according to
the model’s predicted risk can only be determined by impact studies,
ideally in a randomized controlled trial (Riley et al., 2016). Such impact
studies should preferably only involve models that demonstrated
generalizability in several external validation studies (Altman and
Royston, 2000; Riley et al., 2016). Hence, the present study is only the
first step towards clinical application of transition models (Addington
etal., 2017; Carridn et al., 2016; Malda et al., 2019; Zhang et al., 2019b).

Predictions from transition models are most useful in clinical prac-
tice if they allow direct conclusions for an individual case. One conve-
nient way is to implement the model in an online tool that automatically
derives a risk estimate for an individual, as available for the model by
Kotlicka-Antczak (Kotlicka-Antczak et al., 2019). Another way is to
report risk classes that allow to stratify individuals based on the PI ob-
tained from the model. Such risk classes were provided by five of the
eleven tested models, the Ruhrmann-, Dragt-, Michel-, Haidl- and
Addington-model (Addington et al., 2017; Dragt et al., 2011; Haidl et al.,
2018; Michel et al., 2014; Ruhrmann et al., 2010). Risk classes allow to
hold everyone at-risk or in need of treatment in focus, based on their
predicted risk. At the same time, risk classes facilitate more accurate
prognosis about transition to psychosis. Of the models with risk classes
examined in the present study, only the model by Addington (Addington
et al., 2017) provided good agreement of transition risk between the
development sample and our external validation sample. However,
external discrimination performance of this model was not en par with
the best models validated here, and its usefulness in clinical practice
may therefore only be limited.

In the present external validation sample, the two best models, the
Hengartner- (Hengartner et al., 2017) and the Lencz-model (Lencz et al.,
2006), included a combination of clinical and neuropsychological pre-
dictors. Enrichment of core symptoms by neurocognitive data seems
recommendable in the development of transition models. Overall, these
results can be interpreted in the context of a meta-analysis that pointed
to the benefits of combining different data types and modalities for
predicting psychosis in a sequential testing approach (Schmidt et al.,
2017). Only multiple data types and modalities may fully capture the
complexity of the multifaceted architecture of psychosis risk (Koutsou-
leris et al., 2018, 2020; Sanfelici et al., 2020). In this context, there is
also a growing call to enrich early recognition of psychosis by infor-
mation beyond phenomenological aspects of psychosis (Schmidt et al.,
2017). Evidently, models tested in the present study included relatively
similar predictors. Hence, it remains to be tested if the addition of risk
factors less specific to psychosis, such as depressive symptomatology,
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Table 1

Studies derived from the systematic literature search used in external validation with the PRONIA study.

First Author,
Year

Countries

Sample

Inclusion
Criteria
(according
to)

Sample
N)

Transition
n (%)

Age
M
(SD)

Female
n (%)

Education

Follow-up
(months)?

Recruiting
years

Antipsychotic
treatment at
baseline

Predictor variables in
transition model

Zhang et al., 2020
(“adult” model)

Kotlicka-Antczak
et al., 2019

Malda et al., 2019

Niles et al., 2019

Rosen et al., 2019

Zhang et al.,
2019a

Carrion et al.,
2018

Haidl et al., 2018

China

Poland

Canada,
Netherlands, UK,
Switzerland,
Germany, Korea,
Japan, Australia,
Poland, Italy

USA

Germany

China

USA

SHARP

PORT

ADAPT, CAYR,
DUPS-A, EDIE-NL,
EDIE-UK, FePsy,
FETZ, GRAPE, IN-
STEP, OASIS, PACE,
PORT, ROME,
SAFE, DUPS-U
PRIME

FETZ

SHARP

EDIPPP

EPOS

UHR (SIPS)

UHR
(CAARMS)
UHR

(CAARMS)
and BS

UHR (SIPS)

UHR (SIPS),
BS, clinical
impression

UHR (SIPS)

UHR (SIPS)

UHR (SIPS)
and BS

219

105

1676

164

242

417

205

235

55 (25.1)

24 (22.9)

386
(23.0)

45 (27.4)

84 (34.7)

83 (19.9)

12 (5.9)

36 (15.3)

24.3
(5.4)

18.8
(3.5)

21.1
4.4

16.7
4.1

24.9
(6.0)

20.9
(6.4)

16.5
3.3)

23.0
(5.3)

106
(48.4)

56
(53.3)

786
(46.9)

66
(40.2)

90
(37.2)

217
(52.0)

85
(41.5)

105
(44.7)

13.1 years

11 years

n.a.

14.4 years

11.4 years

9.75 years

13.5 years

36

32

40.8

42.4

24.8

14.4

2010-2015

1998-2016

2001-2016

1998-2003

n.a.

2007-2011

2002—-2006

none

22.9 %

exclusion
criterion in 5 of
the included
studies (53.8 %)

none

26.3 %

Drop in functioning (GAF),
Positive symptoms (SIPS),
General symptoms (SIPS)
Speech disorganization
(CAARMS), Unusual thought
content (CAARMS)

Sex, Age, GRD, APS, BLIPS,
GAF, SIPS positive subscale,
SIPS negative subscale

Unusual thought content
(SIPS), Suspiciousness (SIPS),
Grandiose ideas (SIPS),
Auditory distortions (SIPS),
Visual distortions (SIPS),
Somatic distortions (SIPS),
Disorganized communication
(SIPS)

Suspiciousness (SIPS),
Disorganized communication
(SIPS), Avolition (SIPS),
Ideational richness (SIPS),
Impairment in personal
hygiene (SIPS), Perceptual
abnormalities (SIPS),
Expression of emotions (SIPS),
Trouble with focus and
attention (SIPS), Occupational
functioning (SIPS), Odd
behavior or appearance (SIPS),
Bizarre thinking (SIPS)
Functional decline (GAF),
Positive symptoms (SIPS),
Negative symptoms (SIPS),
Disorganized symptoms (SIPS),
General symptoms (SIPS)
Positive symptoms (SIPS), Age,
Gender, Educational level,
Anti-psychotics, Processing
Speed (MATRICS), Working
Memory (MATRICS),
Attention/Vigilance
(MATRICS), Verbal Learning
(MATRICS), Visual Learning
(MATRICS), Reasoning and
Problem Solving (MATRICS)
Positive symptoms (SIPS),
Bizarre thinking (SIPS), Sleep

(continued on next page)
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Table 1 (continued)

First Author, Countries Sample Inclusion Sample  Transition  Age Female Education Follow-up Recruiting Antipsychotic Predictor variables in
Year Criteria N) n (%) M n (%) (months)? years treatment at transition model
(according (SD) baseline
to)
Germany, 22.1 %; no valid disturbances (SIPS), Years of
Finland, information: 12.8 education, Irritability score
Netherlands, UK % (LEE)
Addington et al., USA, Canada PREDICT UHR (SIPS) 145 29 (20.0) 19.8 63 68.6 % high 24 n.a. none Functioning (SOFAS), Verbal
2017 “4.7) (43.4) school, 32.1 % fluency, Unusual thought
with some form of content (SIPS), Verbal memory,
degree or Disorganized communication
professional (SIPS), Processing speed,
training Baseline age
Hengartner et al., Switzerland ZInEP UHR (SIPS) 188 24 (12.7) 20.5 88 n.a. 36 2010-2012 20.7 % Positive symptoms (SIPS),
2017 and BS (5.8) (39.8) Verbal IQ
Metzler et al., Switzerland ZInEP UHR (SIPS) 118 25 (21.1) 20.5 46 n.a. 24 2010—-2012 30 % Positive symptoms (PANSS),
2016 and BS (5.9 (39.0) Negative symptoms (PANSS),
Verbal IQ
Cornblatt et al., USA RAP APS (SIPS) 92 15 (16.3) 16.0 27 9.5 years 36 2000—2006 20 % Disorganized communication
2015 2.2) (29.3) (SIPS), Suspiciousness (SIPS),
Verbal Memory, Decline in
social functioning (baseline to
last follow-up; GF:S), Baseline
age
Michel et al., 2014 Germany FETZ UHR (SIPS) 97 44 (45.4) 24.8 34 23 % 10 years, 24 1998-2003 none APS criteria, COGDIS criteria,
and BS (5.5) (35.1) 10.3 % 12 years, Processing speed
48.8 % 13 years,
14.6 % still in
school, 3.2 % none
Lin et al., 2013 Australia PACE UHR 325 81 (24.9) 19.1 172 52.9 % completed 86.2 1993—-2006 n.a. Unusual thought content
(CAARMS) 3.3) (52.9) high school (CAARMS), Matrix reasoning
Walderetal., 2013 USA, Canada NAPLS UHR (SIPS) 276 70 (25.4) 18.3 113 n.a. 30 n.a 41.7 % Social adjustment in childhood
(4.6) (40.9) psychotropic (PAS), Academic adjustment in
medications; no childhood (PAS), Functioning
valid (GF), Positive symptoms
information: 4.7 (SIPS), Negative symptoms
% (SIPS), Disorganized symptoms
(SIPS)
Salokangas et al., Germany, EPOS UHR (SIPS) 245 37 (15.1) 22.4 108 13.5 years 14.2 2002—-2006 n.a. BLIPS criteria (SIPS), Bipolar
2012 Finland, and BS (5.2) (44.1) disorder diagnosis (SCID),
Netherlands, UK Somatoform disorder diagnosis
(SCID)
Dragt et al., 2011 Netherlands DUP (Amsterdam UHR (SIPS) 72 19 (26.4) 19.3 25 n.a 36 2001-2009 23.6 % Social-sexual aspects (PAS),
site) and BS (4.0) (34.7) Social-personal adjustment
(PAS), Urbanicity
Thompson et al., Australia PACE UHR 104 41 (39.4) 19.4 53 41.6 % secondary 28 n.a. none GRFD criteria (CAARMS),
2011 (CAARMS) (3.5) (51.0) education Unusual thought content
qualification or (CAARMS), Suspicion/
above; 58.4 % no paranoia (BPRS), Functioning
secondary (GAF), Substance use
education
qualification
Ruhrmann et al., Germany, EPOS UHR (SIPS) 245 37 (15.1) 23.0 108 13.5 years 14.2 2002-2006 22.1 %; no valid Positive symptoms (SIPS),
2010 Finland, and BS (5.2) (44.1) information: 12.7 Bizarre thinking (SIPS), Sleep
Netherlands, % disturbances (SIPS),
England Schizotypal personality

(continued on next page)
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Table 1 (continued)

First Author, Countries Sample Inclusion Sample  Transition  Age Female  Education Follow-up Recruiting Antipsychotic Predictor variables in
Year Criteria N) n (%) M n (%) (months)? years treatment at transition model
(according (SD) baseline
to)

disorder (SIPS), Functioning

(GAF), Years of education

Lemos-Giraldez Spain P3 UHR (SIPS) 61 14 (23.0) 21.7 21 10.8 years 36 n.a. n.a. Positive symptoms (SIPS),

et al., 2009 (3.9 (34.4) Negative symptoms (SIPS),

Disorganized symptoms (SIPS),
General symptoms (SIPS),
Functioning (GAF), History of
illegal drug use, Years of
education, Gender, Family
history of psychosis, Duration
of untreated illness

Lencz et al., 2006 USA RAP APS (SIPS) 33 12 (36.4) 16.5 14 10.2 years 32 1998-2001 39.5% Verbal Memory, Positive
(2.2) (42.4) symptoms (SIPS)
Yung et al., 2004 Australia PACE UHR 104 41 (39.4) 19.4 53 n.a. 12 1995-1999 none GRFD and APS criteria,
(CAARMS) (3.5) (51.0) Functioning (GAF), Duration of

attenuated symptoms,
Attention (SANS)

Abbreviations: APS = Attenuated Positive Symptoms, BLIPS = Brief Limited Intermittent Symptoms, CAARMS = Comprehensive Assessment of At-Risk Mental States, BS = Basic Symptoms, GAF = Global Assessment of
Functioning, GF: S = Global Functioning: Social Scale, GRD = Genetic Risk and Deterioration, LEE = Level of Expressed Emotion Scales, n.a. = not available, NOS = Newcastle-Ottawa Scale, PANSS = Positive and Negative
Symptoms Scale, PAS = Premorbid Adjustment Scale, SIPS = Structured Interview of Prodromal Symptoms.

@ mean or planned if mean is not stated.
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Table 2

Neuroscience and Biobehavioral Reviews 125 (2021) 478-492

Demographic and clinical characteristics of the PRONIA CHR sample used for external validation. Mean (SD) unless stated otherwise.

Variable Transition No Transition Transition vs. No Transition Known Outcome Lost to Follow-Up Known Outcome vs. Lost to Follow-Up

N 23 150 - 173 104 -

Age 23.6 (5.6) 23.6 (5.1) t(27.9) = -0.07, p = .945 23.6 (5.1) 23.6 (5.3) t(210.9)=0.11, p=.916

Male, n (%) 15 (65) 70 (47) x*(1) =2.05, p = .152 85 (49) 44 (42) ¥%(1) = 0.96, p=.328

Education (years) 13.1 (2.6) 13.7 (2.8) t(30.5) =1.16, p = .254 13.6 (2.7) 13.2 (2.5) t(220.1) = -1.25, p=.212

SIPS score

Positive 10.3 (4.3) 7.1 (4.2) W =1048, p =.003 7.6 (4.3) 7.7 (4.7) W =8844, p=.910

Negative 11.6 (8.6) 10.5 (6.6) W =1650, p = .814 10.6 (6.9) 9.9 (6.2) W =7929, p=.464

Disorganization 4.2 (4.0) 3.4 (2.8) W =1490, p = .356 3.5(3.0) 2.9 (2.5) W=7288, p=.111

General 9.4 (4.4) 7.8 (3.7) W =1320, p =.083 8.0 (3.9) 7.6 (3.7) W =28002, p=.539

Total 35.5 (16.3) 28.8 (12.2) W=1291, p =.069 29.7 (13.0) 27.7 (12.9) W =7544, p=.307

GAF

At baseline 47.8 (12.6) 50.0 (11.5) W =2036, p =.147 49.7 (11.6) 48.1 (10.9) W =28109, p=.240

Highest past year 61.9 (16.9)  61.3 (12.4) W =1780, p =.768 61.4 (13.0) 62.5 W =9354, p=.437
(14.2)

CHR criteria, n (%) ¥%(2) =5.61, p=.061 ¥%(2) =2.04, p=.365

UHR only 10 (43) 66 (44) - 76 (44) 39 (38) -

COGDIS only 14 35 (23) - 36 (21) 29 (28) -

UHR and COGDIS 12 (52) 49 (33) - 61 (35) 36 (35) -

Observation time (months) 20.7 (9.9) 26.0 (9.7) t(24.0) =2.25, p = .034 25.4 (9.8) 5.2 (5.5) t(270.3) = -21.8, p < .001

Time to transition (months) 7.9 (6.4) - - 7.9 (6.4) - -

Abbreviations: UHR = Ultra High Risk criteria, COGDIS = Cognitive Disturbances, GAF = Global Assessment of Functioning, SIPS = Structured Interview for Prodromal

Psychosis.

may improve prediction of outcomes in CHR populations and beyond
(Fusar-Poli et al., 2017; McGorry et al., 2018; Sanfelici et al., 2020).
Mirroring findings from recent reviews (Christodoulou et al., 2019;
Sanfelici et al., 2020; Studerus et al., 2017), the analysis of study quality
highlights the need for conceptual and methodological guidelines to
enhance model comparability and replicability in modern preventive
psychiatry (Fusar-Poli et al., 2018; Sanfelici et al., 2020; Steyerberg
et al., 2013): Few studies adopted rigorous internal model validation
strategies, external validation in truly independent samples or adequate
variable selection methods to evaluate and counteract overfitting,
respectively, and several models employed previously -criticized
dichotomization of model predictors that was indeed frequently asso-
ciated with overall worse performance in our sample (Collins et al.,
2016; Royston et al., 2006). Exploratory multiple regression analysis
tentatively suggested that a higher event per predictor rate enhanced
generalizability to unseen data in PRONIA, corroborating previous
recommendations (Fusar-Poli et al., 2018; Studerus et al., 2017). Cali-
bration of risk predictions, even though essential for clinical prediction
models (Christodoulou et al., 2019; Royston and Altman, 2013), was
rarely examined. In line with previous observations (Christodoulou
et al., 2019; Studerus et al., 2017), we found that reporting of meth-
odology and findings was sometimes ambiguous and incomplete such
that application in an external sample was difficult or not possible.
Arguably, some of the models we examined were not explicitly
proposed for clinical application. For a comprehensive picture, we
included all prediction models. There are also several differences be-
tween the PRONIA validation sample and the development samples, i.e.
inclusion criteria, transition rate, length of follow-up period, and oper-
ationalization of variables; none of which affected external validation
performance in the PRONIA sample significantly. In particular, the role
of different definitions of CHR criteria by different assessments remains
unclear, and if a harmonization of these criteria will entail increased
predictive performance (Malda et al., 2019). As clinical practice with
variable assessment conditions is the intended target of the prediction
models, extreme tests of generalizability in diverse samples are
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necessary to test if factors such as age, sex, cultural background, dif-
ferences in follow-up interval, recruitment strategy and transition rate
or the replacement of predictors with equivalent variables influence
model generalizability to independent samples (Justice et al., 1999).
However, modifications of proposed transition models by replacement
of predictors might represent a limitation to our findings that needs to be
investigated more in-depth in future studies. Finally, development as
well as validation of transition models was focused on the very specific
context of CHR samples in our study. Comparison to models based on
transdiagnostic samples and usefulness in more diverse and broader
contexts such as secondary mental health care (Fusar-Poli et al., 2017)
needs to be addressed in future work.

5. Conclusion

This first comprehensive external validation study showed that
personalized prediction of transition in CHR is potentially feasible on a
global scale. Complementing different prognostic assessments may
refine prognostic accuracy in CHR samples. Two of 22 tested transition
models based on clinical and neuropsychological data achieved satis-
factory prediction performance in the European PRONIA CHR sample,
which revealed promising potential for improvement of clinical
decision-making by personalized risk prediction models, in particular
for less experienced raters. To reach utility within preventive psychiatry,
transition models need further rounds of external validation, as well as
guidelines consolidating model comparability and replicability. More-
over, to finally close the translational gap in the field, impact studies
developing a general and ethical framework for implementation are
necessary (Fusar-Poli et al., 2018, 2020; Salazar de Pablo et al., 2020;
Starke et al., 2020; Wang et al., 2020). Our study provides an important
first step to pave the way for implementing transition models into
clinical application to improve the personalized care of psychosis and
prevent the burden of the disorder.
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Table 3
Results of external validation of prediction models for transition to psychosis in the PRONIA study.
Development Validation (PRONIA) Calibration
Model AUC Sens Spec N AUC (95 P P BAC Sens Spec PPV NPV LR+ LR- m
(transition) %-CI) (vs. (vs.
chance) rater)
Zhang et al., 2020 na na na 161 (22) 0.58 (0.45, .068 .985 0.60 0.59 0.60 0.19 0.90 1.49 0.68 0.35
(adults) 0.71)
Kotlicka-Antczak 0.78 0.65 0.79 173 0.53 .255 .999 0.55 0.87 0.23 0.15 0.92 1.13 0.56 0.13
et al., 2019 (23) (0.40,
0.65)
Malda et al., 2019 0.63 na na 172 (23) 0.65 .002 .907 0.65 0.57 0.72 0.24 0.92 2.05 0.60 0.82
(0.52,
0.78)
Niles et al., 2019 na na na 172 (23) 0.61 (0.48, .027 .955 0.65 0.61 0.68 0.23 0.92 1.93 0.57 0.32
0.73)
Rosen et al., 2019 0.75 na na 86 0.57 .325 .943 0.64 1 0.28 0.12 1 1.39 0 0.31
(women) 3) (0.38,
0.76)
Rosen et al., 2019 0.61 na na 85 0.56 (0.40, 133 .969 0.63 0.73 0.53 0.25 0.90 1.56 0.50 0.53
(men) 5) 0.73)
Zhang et al., 2019a 0.74 na na 172 (23) 0.62 .007 .966 0.60 0.52 0.68 0.20 0.90 1.65 0.70 0.35
(0.50,
0.74)
Carrion et al., 2018 na na na 160 (19) 0.63 (0.47, .004 .953 0.67 0.42 0.91 0.40 0.92 4.95 0.63 0.12
0.79)
Haidl et al., 2018 0.77 na na 172 (23) 0.61 .004 .960 0.65 0.43 0.87 0.33 0.91 3.24 0.65 0.32
(0.48,
0.75)
Hengartner et al., 0.85 0.86 0.85 167 (21) 0.74 (0.63, <.001 .564 0.70 0.95 0.45 0.20 0.98 1.72 0.11 0.12
2017 0.85)
Addington et al., 2017 0.73 na na 164 (20) 0.64 (0.51, .012 .919 0.65 0.65 0.65 0.21 0.93 1.87 0.54 0.71
0.77)
Metzler et al., 2016 na na na 164 (21) 0.65 (0.52, .013 913 0.67 0.86 0.48 0.20 0.96 1.66 0.30 0.06
0.77)
Cornblatt et al., 2015 0.92 0.60 0.97 170 0.40 1 1 0.55 0.19 0.91 0.22 0.89 2.03 0.89 —0.07
21) (0.26,
0.55)
Michel et al., 2014 na na na 163 (20) 0.67 .003 .896 0.63 0.85 0.42 0.17 0.95 1.46 0.36 0.67
(0.55,
0.78)
Lin et al., 2013 na na na 159 (19) 0.61 (0.48, .035 .965 0.60 0.53 0.68 0.18 0.91 1.64 0.70 0.25
0.73)
Walder et al., 2013 na na na 81 0.71 (0.53, .010 .607 0.72 0.75 0.70 0.21 0.96 2.50 0.36 0.28
(women) (8) 0.89)
Walder et al., 2013 na na na 85 0.68 (0.53, .001 .805 0.66 0.47 0.86 0.41 0.88 3.27 0.62 0.16
(men) (15) 0.83)
Salokangas et al., 2012 na na na 172 (23) 0.55 (0.47, .007 1 0.55 0.13 0.96 0.33 0.88 3.24 0.91 1.03
0.62)
Dragt et al., 2011 na 1.0 0.69 168 (23) 0.55 154 .996 0.55 0.65 0.45 0.16 0.89 1.18 0.78 0.08
(0.43,
0.68)
Thompson et al., 2011 na na na 172 (23) 0.57 (0.45, 128 .986 0.63 0.83 0.43 0.18 0.94 1.45 0.40 0.26
0.69)
Ruhrmann et al., 2010 0.81 0.42 0.98 172 (23) 0.59 .075 976 0.61 0.52 0.70 0.21 0.91 1.77 0.68 0.27
(0.46,
0.71)
Lemos-Giraldez et al., na na na 172 (23) 0.60 (0.47, .053 .980 0.60 0.48 0.72 0.21 0.90 1.70 0.73 0.07
2009 0.72)
Lencz et al., 2006 0.83 0.82 0.79 148 (17) 0.76 <.001 .453 0.74 0.71 0.78 0.29 0.95 3.19 0.38 1.07
* (0.65,
0.88)
Yung et al., 2004 na na na 170 (23) 0.54 (0.43, 134 .996 0.55 0.39 0.71 0.18 0.88 1.37 0.85 0.15
0.66)
Raters (Overall) - - - 167 0.75 <.001 - 0.75 0.76 0.75 0.30 0.96 3.01 032 -
21) (0.65,
0.85)
Raters (Experienced) - - - 73 0.81 < .001 - 0.81 0.85 0.77 0.44 0.96 3.70 0.19 -
(13) (0.69,
0.92)
Raters - - - 94 0.68 <.001 - 0.68 0.62 0.73 0.18 0.95 2.33 0.51 -
(Less Experienced) 8) (0.49,
0.86)
Lencz et al., 2006 & - - - 143 0.84 <.001 .163 0.80 0.94 0.67 0.26 0.99 2.83 0.09 -
Raters (Overall) (16) (0.74,
0.94)
- - - <.001 - 0.85 0.90 0.80 0.47 0.98 4.50 013 -

(continued on next page)

488



M. Rosen et al.

Table 3 (continued)
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Development Validation (PRONIA) Calibration
Model AUC Sens Spec N AUC (95 p P BAC Sens  Spec PPV NPV LR+ LR- m
(transition) %-CI) (vs. (vs.
chance) rater)

Lencz et al., 2006 & 59 0.83 (0.68,

Raters 10) 0.95)

(Experienced)
Lencz et al., 2006 & - - - 84 0.83 (0.69, <.001 - 084 1 068 019 1 313 0 -

Raters (Less ©6) 0.94)

Experienced)

Note: The reported p-values indicate whether the model performs better than chance or better than clinical raters (based on a permutation test with 1000 permu-

tations).

Abbreviations: AUC = Area under the Curve; BAC = Balanced Accuracy; LR+ = Positive Likelihood Ratio; LR-

= Negative Likelihood Ratio; m = calibration slope;

NPV = Negative Predictive Value; PI = Prognostic Index; PPV = Positive Predictive Value; Sens = Sensitivity (True Positive Rate); Spec = Specificity (True Negative

Rate).

" AUC was calculated manually from the ROC curve provided in the publication.

a b
1.00 7 100 ’
7
i’
=, [
1,
0.75 0.75 e
7
4
7
> e
£
2
s
g 0.50 0.50
3 — Hengartner, 2017 — Addington, 2017
— Lencz, 2006 — Carrién, 2018
— Malda, 2019 — Haidl, 2018
— Michel, 2014 — Metzler, 2016
0.25 — Walder, 2013 men 0.25 — Niles, 2019
— Walder, 2013 women — Zhang, 2019
0.00 0.00
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
c d
1.00 1.00 ’
0.75 0.75
2
2
G 050 0.50
5 — Lemos-Girldez, 2009
n — Lin, 2013
- goﬁenx 20192(‘;*%“9" — Comblatt, 2015
— Ruhrmann, — Dragt, 2011
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— Zhang, 2020 — Rosen, 2019 men
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— Yung, 2004
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0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
1 - Specificity 1 - Specificity

Fig. 1. Discrimination illustrated with Receiver Operator Characteristic (ROC) curves. Models were grouped by area under the curve (AUC), from best (a) to worst
(d). The ROC curve plots the true positive rate (sensitivity) against the false-positive rate (1-specificity) for different cutpoints. Optimal cutpoints of the prognostic
index (PI) for each model were derived via optimization of the Youden index.
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Lencz, 2006
Hengartner, 2017
Walder, 2013
Michel, 2014
Malda, 2019
Metzler, 2016
Addington, 2017
Carrién, 2018
Zhang, 2019
Haidl, 2018

Niles, 2019

Lin, 2013
Lemos-Giraldez, 2009
Ruhrmann, 2010
Zhang, 2020
Thompson, 2011
Rosen, 2019
Dragt, 2011
Salokangas, 2012
Yung, 2004
Kotlicka—Antczak, 2019
Cornblatt, 2015

Model

Sensitivity
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1.00

0.75

o
I3
=)

0.25

’ — Raters
/ — Lencz, 2006
, — Lencz, 2006 + Raters

0.00q ,

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

AUC

0.25 0.50

1 - Specificity

0.75 1.00

Fig. 2. (a) Performance of prediction (in terms of area under the curve, AUC) of transition in the PRONIA sample per tested model. Error bars reflect the boot-
strapped 95 %-confidence interval. Dashed line reflects chance performance. Note that for studies reporting separate models for distinct subgroups (Rosen et al.,
2019; Walder et al., 2013), we depict the weighted aggregate performance here. (b) Discrimination illustrated with Receiver Operator Characteristic (ROC) curves for
the individualised prediction of transition by clinical raters, the best model, and the combination thereof. The ROC curve plots the true positive rate (sensitivity)
against the false-positive rate (1-specificity) for different cutpoints. Optimal cutpoints of the prognostic index (PI) for each model were derived via optimization of the

Youden index. Dashed line reflects chance performance.
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Fig. 3. Decision curve analysis estimated in the PRONIA validation data set,
showing the potential clinical usefulness of the best-performing model by Lencz
et al. (2006) at different threshold probabilities, compared to treating all pa-
tients (“treat all”) and to treating no patients at all (“treat none”).
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