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Background: The first rate-limiting step for primary indicated prevention of psychosis
is the detection of young people who may be at risk. The ability of specialized clinics
to detect individuals at risk for psychosis is limited. A clinically based, individualized,
transdiagnostic risk calculator has been developed and externally validated to improve the
detection of individuals at risk in secondary mental health care. This calculator employs
core sociodemographic and clinical predictors, including age, which is defined in linear
terms. Recent evidence has suggested a nonlinear impact of age on the probability of
psychosis onset.

Aim: To define at a meta-analytical level the function linking age and probability of
psychosis onset. To incorporate this function in a refined version of the transdiagnostic risk
calculator and to test its prognostic performance, compared to the original specification.

Design: Secondary analyses on a previously published meta-analysis and clinical register-
based cohort study based on 2008-2015 routine secondary mental health care in South
London and Maudsley (SLaM) National Health Service (NHS) Foundation Trust.

Participants: All patients receiving a first index diagnosis of non-organic/non-psychotic
mental disorder within SLaM NHS Trust in the period 2008-2015.

Main outcome measure: Prognostic accuracy (Harrell’s C).

Results: A total of 91,199 patients receiving a first index diagnosis of non-organic and
non-psychotic mental disorder within SLaM NHS Trust were included in the derivation
(83,820) or external validation (54,716) datasets. The mean follow-up was 1,588 days.
The meta-analytical estimates showed that a second-degree fractional polynomial model
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with power (-2, —1: agel = age? and age2 = age™') was the best-fitting model (P <
0.001). The refined model that included this function showed an excellent prognostic
accuracy in the external validation (Harrell’'s C = 0.805, 95% CI from 0.790 to 0.819),
which was statistically higher than the original model, although of modest magnitude
(Harrell's C change = 0.0136, 95% Cls from 0.006 to 0.021, P < 0.001).

Conclusions: The use of a refined version of the clinically based, individualized,
transdiagnostic risk calculator, which allows for nonlinearity in the association between age
and risk of psychosis onset, may offer a modestly improved prognostic performance. This
calculator may be particularly useful in young individuals at risk of developing psychosis
who access secondary mental health care.

Keywords: psychosis, schizophrenia, at risk, clinical high risk, transdiagnostic

INTRODUCTION

Primary indicated prevention in individuals meeting a Clinical
High Risk state for Psychosis [CHR-P (1)] entails three
stepped core components: efficient detection of individuals
at risk, an accurate prognosis of outcomes, and an effective
preventive treatment that can impact the course of the disorder
(Figure 1) (3).

The first rate-limiting step is the detection of children,
adolescents, and young adults aged 8-40 (4) (more frequently
14-35) (5) who may be at risk of developing psychosis. Their
detection is based on recruitment campaigns (6) that filter
individuals who have accumulated several risk factors (7) for the
development of psychosis, thus enriching the level of risk. The
actual ability of specialized CHR-P clinics (5) to detect individuals
at risk for psychosis is limited. The first study to explore this issue
has estimated that only about 5% of individuals who will later
develop a first episode of psychosis in secondary mental health
care was detected by the local CHR-P specialized clinics at the
time of their CHR-P stage (8, 9). Even frontline youth mental
health services can detect only about 12% of first-episode cases
(10). It is therefore clear that we need to improve our ability to
detect CHR-P individuals in secondary mental health, primary
care, and the community. To overcome this substantial challenge,
a clinically based, individualized, transdiagnostic risk calculator
has been developed and externally validated twice (2, 8, 11). This
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FIGURE 1 | Core clinical and research components for an effective prevention
of psychosis. Figure reproduced with permission (CCBY 4.0) from Ref. (2).

calculator leverages electronic health records to screen secondary
mental health care trusts at scale. Secondary mental health care
is characterized by an incidence of psychosis of 3% at 6 years,
which is higher than the risk of psychosis of 0.62 at 6 years in the
local general population [see eFigure 1 published in Ref. (8)]. The
calculator uses as key predictors ICD-10 index diagnosis [because
it allows several diagnostic spectra, it is termed as transdiagnostic;
see Ref. (12)], age, gender, age by gender, and ethnicity, which have
been selected on the basis of a priori clinical knowledge (13, 14).

Specifically, age has been included because it is one of the
most established sociodemographic risk factor for psychosis
(15). In the original version of the transdiagnostic risk calculator,
the impact of age on the risk of psychosis onset has been defined
in linear terms. However, converging evidence from independent
meta-analyses (15, 16) suggests that age may exert a nonlinear
effect on the risk to psychosis onset. For example, a recent
umbrella review (17) found that the risk for psychosis increases
from childhood to young adulthood, peaks between 15-35 years
(16), and then declines after this age, independent of gender (age
older than 35 was found to be a protective factor) (16). It is thus
possible that the use of nonlinear definitions of age would better
represent the impact of this factor on the onset of psychosis, in
particular for the youngest CHR-P groups (18).

In this study, we test such a hypothesis. We first employ
independent meta-analytical data to investigate the epidemiological
association with age and risk of developing psychosis onset in
the general population. We then use this information to refine
the original transdiagnostic risk calculator and to test whether
its prognostic accuracy would improve. The results of this study
can inform future risk prediction research in the field of early
psychosis.

METHODS

Data Source

South London and the Maudsley (SLaM) is a National Health
Service (NHS) Mental Health Trust. SLaM provides secondary
mental health care to a population of approximately 1.3 million
residents of four London boroughs (Lambeth, Southwark,
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Lewisham, and Croydon). The Trust is effectively digitalized and
paper-free (19), and all patients have a personal electronic clinical
record. It is a legal requirement for SLaM health care professionals
to keep these records up to date (19). The SLaM register contains
the full clinical records of all patients, which are continually
updated throughout their care, regardless of discharges from or
referrals to other services. A Clinical Record Interactive Search
(CRIS) tool (19) was implemented to facilitate searching and
retrieval of full but anonymized clinical information for research
purposes (19). Because the CRIS tool draws directly from these
electronic health records, it provides valuable “real-world” and
“real-time” information on routine mental health care (20). CRIS
has already been used in At Risk Mental State (ARMS) studies
(21) as well as in over 70 previous publications (22-24). CRIS-
related methods and descriptive data of the SLaM cohort have
been extensively detailed (19, 20, 25-28).

Study Population

As indicated in the original study and in its replication (11), all
individuals accessing SLaM services in the period 1st January
2008 to 31st December 2015, and who received a first index
primary diagnosis of any non-organic and non-psychotic mental
disorder, were initially considered eligible. We then excluded
those who developed psychosis in the 3 months immediately
following the first index diagnosis. Approval for the study was
granted by the Oxfordshire Research Ethics Committee C.
Because the dataset was made up of de-identified data, informed
consent was not required (19).

Variable Definitions

The outcome (risk of developing any psychotic disorder),
predictors, and time to event were automatically extracted using
CRIS (19). Predictors (index diagnosis, age, gender, ethnicity,
and age by gender interaction) were preselected on the basis of
previous meta-analytical clinical knowledge, as recommended
(29) [see the original study for full details (8)]. Age was entered
as a continuous predictor and measured at the time of the index
diagnosis, while self-assigned ethnicity and index diagnoses
were operationalized as previously indicated (2). The outcome
(risk of developing any psychotic disorder) was defined as the
emergence of the first ICD-10 (30) primary diagnosis of non-
organic psychotic disorder, occurring at least 3 months after
the index diagnosis as recorded in the local electronic medical
records: schizophrenia spectrum psychoses [schizophrenia
(F20.x, except F20.4/F20.5), schizoaffective disorder (F25.x),
delusional disorders (F22.x, F24), acute and transient psychotic
disorders (F23.x)], unspecified nonorganic psychosis (F28/F29),
psychotic disorders due to psychoactive substance use [(F10-
F19).5], and affective psychoses [mania with psychotic symptoms
(F30.2), bipolar affective disorder with psychotic symptoms
(F31.2, F31.5), and depression with psychotic symptoms (F32.3/
F33.3)]. Accordingly, baseline ICD-10 psychotic disorders were
excluded, with the exception of acute and transient psychotic
disorders (F23.x), which are, by definition, clinically remitting
and non-psychotic within 3 months (short-lived). The rationale

for including the ATPD is due to the fact that this group is
prognostically similar to the Brief Limited Intermittent Psychotic
Symptom (BLIPS) or Brief Limited Psychotic Symptoms (BIPS)
subgroups of the CHR-P construct [for details on these competing
operationalization, see previous publications on the diagnostic
and prognostic significance of BLIPS (31, 32)]. On a diagnostic
level, about two-thirds (68%) of BLIPS meet ATPD criteria (31).
Individuals with ATPDs/BLIPS are also those more likely to
present unmet clinical needs because they are too ill for CHR-P
services and not enough ill for first-episode services (33, 34).

The follow-up (time to event) began 3 months after the date of
the index diagnosis within SLaM, censored at 1st April 2016. This
lag period was chosen to allow patients sufficient time after their
index diagnosis to meet the ICD-10 duration criterion for ATPD.

Statistical Analysis

This original clinical register-based cohort study was conducted
according to the REporting of studies Conducted using
Observational Routinely-collected health Data (RECORD)
Statement (35).

Development and Validation Databases

The same development and validation databases were used in
the current study. Because of significant sociodemographic
differences between the SLaM boroughs [from Ref. (20): see
Table 1 and Figures 2 and 3], we used a nonrandom split-
sample approach using the geographical location to define the
development and external validation (36), with the Lambeth
and Southwark cases in the derivation sample and all other
cases in the validation sample. The use of nonrandom split
based on geographical location was based on the substantial
sociodemographic differences across these urban areas (19),
which can optimize the estimation of external prognostic
accuracy (13). Model development and validation followed the
guidelines of Royston and Altman (37), Steyerberg et al. (38), and
the Transparent Reporting of a multivariable prediction model
for Individual Prognosis Or Diagnosis (TRIPOD) (36).

Several steps were followed to explore similarities and
differences between the derivation and validation dataset. First,
sociodemographic characteristics were compared. Second, the
cumulative incidence of psychosis across the two databases was
estimated with the Kaplan—Meier failure function (1 — survival)
and Greenwood 95% ClIs (39). Then, we visually compared the
two Kaplan-Meier failure functions. If the visual inspection
of the curves reveals that they vary noticeably or if there are
differences in their shapes, systematic differences within the
study populations may be indicated (40). Third, we also reported
the spread (SD) and the mean of the prognostic index of the
original model in the two databases. An increased (or decreased)
variability of the prognostic index would indicate more (or
less) heterogeneity of case-mix between the two databases
and, therefore, of their overarching target populations (41).
Differences in the mean prognostic index indicate differences
in overall (predicted) outcome frequency, reflecting case-mix
severity between the two databases (and revealing the model’s
calibration-in-the-large in the validation database) (41).
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Development of the Revised Model

In line with the rationale detailed in the Introduction, we tested
here a refined version of the original model. While age was
entered as a continuous predictor in the original model, we
employed here a revised model that additionally allowed for
nonlinearity in the association between age and risk of psychosis.
All of the other predictions remained unchanged.

First, the type of nonlinear function linking age and risk of
psychosis was defined a priori on the basis of independent data not
based on the current derivation dataset. We used a robust systematic
review and meta-analysis reporting on the incidence of any
psychotic disorders in England (15, 42). Using a priori knowledge to
build a prognostic model is a robust and recommended approach,
which can minimize the risk of overfitting (13). Overfitting would
be high if we would have used the same dataset to estimate the
type of nonlinear function linking age and risk of psychosis, and
then fitted a prognostic model on the same data (13). Therefore, we
extracted Figure 4.4 from the previously published meta-analysis,
which was reporting the meta-analytical incidence of all clinically
relevant psychoses by age and gender, reported in Ref. (42). This
figure represents the most updated and largest epidemiological
estimate of the incidence of psychotic disorders in England. The
figure was then digitalized into a.png picture file so that each
curve angle could be identified by its pixel coordinate. A free
image manipulation software Digitizelt (http://www.digitizeit.
de/) was then used to identify the pixel coordinates for each
curve. The meta-analytical data thus extracted were imported into
an electronic dataset and age ranges were remapped to a linear
(ordinal) variable. We then applied a fractional polynomial (FP)
approach to identify the best nonlinear model fitting the observed
outcomes. Although there are alternative modeling strategies to
deal with nonlinear effects such as quadratic regression and spline-
based models, FP is probably the most powerful statistical method
to capture the nonlinear effect of variables (43, 44). FP of degree
m for the variable X with powers pl...pm is given by FPm(X) =
B, XP1+....3, XP (for simplicity, we suppress the constant term, f3,).
Usually, m = 1 or m = 2 is sufficient for a good fit. Therefore, there
are two classes of FP: first-degree fractional polynomials (FP1)
and second-degree fractional polynomial (FP2) (45). Powers pl
and p2 are taken from a special set S = {-2, -1, -0.5, 0, 0.5, 1, 2, 3}
(43). Thus, the first-degree polynomial model (FP1) is 3, X' and
performs 8 tests and detects whether the fit is improved by a power
transformation of the variable X in Xp. FP with a value of p =1
indicates a linear regression while p = 0 indicates that a logarithmic
transformation is required for optimum linear modeling of the
variable X. The second-degree polynomial models (FP2) are an
extension to S,p' + Poxp? which compares 36 different power
combinations. The case of (p, =1, p,=2) is equivalent to quadratic
regression. The case p, = p, is known as repeated power model and
has been defined as B, yp+ B,xpLn X (44).

The STATA package “fp” was then used to isolate the FP
powers that were best fitting the meta-analytical data and thus
representing the epidemiological impact of age on the risk of
psychosis.

The package fp performs FP comparisons across the powers
(-2 -1 0.5 0.5 1 2 3) and two degrees. Therefore, the linear

predictor is included in the comparisons. Different FP models
are compared and the corresponding model deviance, defined
as twice the negative log-likelihood, is estimated. Under linear
regression, a partial F test comparing the model is performed and
a X? statistic is computed and we selected the best-fitting model
as the model with the lowest deviance. Overall, this approach
delivered an epidemiological estimate of the relationship between
age and psychosis, at a meta-analytical level. In a subsequent step,
we tested the real-world benefit of the specific revised model.
To further illustrate the type of FP that was selected through
this method, we plotted the FP function that was fitted to the
epidemiological meta-analytical data and reported its regression
coefficients. However, as indicated above, our aim was to use
a priori knowledge to identify the type of FP function and not
specifically the regression coefficients of the FP.

We then used Cox proportional hazards multivariable
complete-case analyses to evaluate the effects of the revised
model on the development of non-organic ICD-10 psychotic
disorders and time to development of psychosis, after checking
the proportional hazards assumption (46). This model with
all preselected predictors was first fitted to the derivation data
to estimate the optimal regression coefficients. Performance
diagnostics of individual predictor variables in the derivation
dataset were explored with Harrell's C index (37), which is
similar to the area under the receiver operating characteristic
curve. Values of 0.9-1.0 are considered outstanding, 0.8-0.9
excellent, and 0.7-0.8 acceptable (47). We then generated
individual prognostic scores, allowing a prognostic index for risk
of psychosis onset to be developed in the derivation dataset (48).

External Validation of the Revised Model

The regression coeflicients as estimated in the derivation dataset
were then applied to each case in the external validation dataset,
to generate the PI in the validation dataset. Overall model
performance [the distance between the predicted outcome and
actual outcome (38)] was assessed with the Brier score [the
average mean squared difference between predicted probabilities
and actual outcomes, which also captures calibration and
discrimination aspects (38)]. A lower score indicates higher
precision and less bias, but interpretation depends on the
incidence of the outcome (38). Overall performance was further
investigated with Roystons modification of Nagelkerke’s R?
(indexing the proportion of variation explained by the model
through the str2d STATA package) (49). Calibration [the
agreement between observed outcomes and predictions (38)] was
assessed with the regression slope of PI (38) (which also captures
discrimination and model fit) (37) and with the calibration-in-
the-large (38).

Discrimination [accurate predictions discriminate between
those with and those without the outcome (38)] was addressed
with Harrell's C index (primary prognostic accuracy outcome)
(37) and with the discrimination slope [difference in mean of
predictions between outcomes (38)].

To test whether the refined model was associated with
improved performance compared to the original model, Harrell’s
C index was compared across the two models in the validation
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dataset, using the “lincom” function as detailed in an established

procedure (50). Recent studies indicate that unbiased and precise

estimation of performance measures can be achieved with a

minimum of 100 events in the external validation dataset (51).
All analyses were conducted in STATA 14.

RESULTS

Sociodemographic and Clinical
Characteristics of the Derivation

and Validation Datasets

As indicated in the original study (8), of 92,227 patients receiving
a first index diagnosis of non-organic and non-psychotic mental
disorder within SLaM in the period 2008-2015, 91,199 fulfilled
the study inclusion criteria and were included in the derivation
or validation datasets. The mean follow-up was 1,588 days (95%
CI, 1,582-1,595) with no differences between the derivation
and validation datasets. The core characteristics of the sample
are presented in Table 1. The cumulative incidence across the
derivation and validation datasets is represented in Figure 2
and indicates a lower risk of psychosis in the validation dataset
compared to the derivation dataset. The mean values of the

prognostic index were —1.32 (SD, 0.896) in the derivation dataset
and —1.581 (SD, 0.888) in the validation dataset, indicating a
slightly reduced variation in the validation dataset and some
case-mix.

Model Development

Fractional Polynomial Analysis

The FP analysis in the independent meta-analytical data
confirmed that a second-degree FP (FP2) model with power
(-2, —1) was the best-fitting model minimizing the deviance
(deviance = 545.188, SD = 20.14, F = 33.55, P < 0.001, Figure 3).
A second-degree (FP2) model with power (-2, —1) was fitting
better the meta-analytical data compared to the linear model
(FP1: agel = age™!, deviance = 552.066, SD = 21.10), which was
used as the original prognostic model (8), to a first degree (FP1)
with power 0.5 (agel = age®’, deviance = 551.33, SD = 20.982)
and to the omission of this predictor (deviance = 592.276, SD =
29.951). Accordingly, we generated two (unscaled) variables:
agel = age™? and age2 = age™!. The resulting nonlinear meta-
analytical polynomial function is depicted in Figure 3. The fitted
function in Figure 3 was incidence of any psychotic disorders
per 100,000 person-year = —11.27 — 206.35%age™2 + 281.75%age".

TABLE 1 | Sociodemographic characteristics of study population, including the derivation and validation dataset, from Ref. (8).

Age (years)@ Study population Derivation dataset Validation dataset Validation vs. derivation
(n =91,199)@ (n = 33,820) (n = 54,716)
Mean SD Mean SD Mean SD t P
32.97 18.63 34.4 18.92 31.98 18.54 18.73 <0.001
Count % Count % Count % X2 P
Gender 13.37 <0.001
Male 46,404 50.88 17,303 48.81 27,302 49.90
Female 44,761 49.08 16,507 51.16 27,398 50.07
Missing 34 0.04 10 0.03 16 0.03
Ethnicity 50.21 <0.001
Black 14,327 16.71 6,879 20.34 7,023 12.84
White 55,679 61.05 18,627 55.08 35,392 64.68
Asian 3,830 4.20 1,129 3.34 2,608 4.77
Mixed 3,319 3.64 1,306 3.86 1,957 3.58
Other 5,700 6.25 3,466 10.25 2,084 3.81
Missing 8,344 9.15 2,413 7.13 5,652 10.33
Index diagnosis 48.20 <0.001
CHR-P 368 0.40 314 0.93 50 0.09
Acute and transient psychotic 1,370 1.50 553 1.64 725 1.33
disorders
Substance use disorders 14,689 16.11 7,149 21.14 6,507 11.89
Bipolar mood disorders 2,558 2.80 950 2.81 1,526 2.79
Non-bipolar mood disorders 15,496 16.99 6,302 18.63 8,841 16.16
Anxiety disorders 24,770 27.16 8,235 24.35 15,960 2917
Personality disorders 3,562 3.91 1,286 3.80 2,116 3.87
Developmental disorders 5,192 5.69 1,412 418 3,706 6.77
Childhood/adolescence onset 13,984 15.33 4,200 12.42 9,629 17.60
disorders
Physiological syndromes 7,053 7.73 2,655 7.55 4,424 8.09
Mental retardation 2,157 2.37 864 2.55 1,232 2.25

(a) SLaM boroughs used to define the derivation (Lambeth and Southwark) and validation (any other) datasets: Lambeth and Southwark 33,820 (37.08%), any others 54,716

(60.00%), missing 2,663 (2.92%).
CHR-R, Clinical High Risk state for Psychosis.
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FIGURE 2 | Cumulative incidence (Kaplan-Meier failure function) for risk of development of psychotic disorders with 95% Cls in 91,199 patients accessing SLaM
during 2008-2015 stratified across the derivation and validation datasets.
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FIGURE 3 | Fractional polynomial analysis investigating the nonlinear association between incidence rate of developing any psychotic disorder in England and age
bands, computed on meta-analytical data previously published (42).
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Model Performance in the Derivation Dataset

In the derivation dataset, there were 1,001 transitions to psychosis.
The multivariable model significantly predicted psychosis onset
(likelihood ratio chi-square test = 1878, P < 0.001, Table 2).

Beyond the age effect, there were no substantial changes in the
significance of the predictors compared to the original model:
male gender (relative to females), Black, Asian, mixed, and other
ethnicities (relative to White ethnicity) remained significantly
associated with an increased risk of psychosis (Table 2). Across
males, the risk of psychosis remained negatively associated with
increasing age (Table 2). Since the age by gender interaction was
included in the model, age was also retained as a linear predictor,
which was not more significant. Compared with the reference
CHR-P designation, all of the other ICD-10 mental disorders
were still associated with a lower risk of developing psychosis
(Table 2). The exceptions were bipolar mood disorders and acute
and transient psychotic disorders that showed a comparable and
higher risk of psychosis than the CHR-P, respectively (Table 2).
Model diagnostics using the C index are detailed in Table 2. The
model showed excellent overall apparent performance (excellent
discrimination, C index = 0.814) and explained approximately
77% of the observed variation (Table 3).

Compared to the original model, the refined model was associated
with a modest (Harrell's C change = 0.014) but significant (95% CI
from 0.008 to 0.020, t = 4.63, P < 0.001, Table 3) improvement in
performance.

Model Performance in the Validation Dataset

In the validation dataset, the refined model was associated with
a relatively lower Harrell’s C (and explained 74% of the observed
variation), which, however, remained excellent: 0.805 (95% CI
from 0.790 to 0.819). This was likely due to the lower risk of
psychosis and reduced variation in the validation database.
However, the refined model was still characterized by a modest
(Harrell's C change = 0.0136) and significant (95% Cls from
0.006 to 0.021, ¢ = 3.56, P < 0.001) improvement in performance,
compared to the original model.

DISCUSSION

This study advances knowledge in the field of the detection of
individuals at risk for psychosis using automated methods that employ
electronic health records. Meta-analytical FP analyses demonstrated
that age has a nonlinear effect on the risk of psychosis onset. This
evidence was used to refine a previously validated individualized
clinically based, transdiagnostic risk calculator. The refined model
demonstrated modest but significantly superior prognostic accuracy
than the original model in the external validation.

The core aim of this study was to refine an automated detection
tool to identify individuals at risk of developing psychosis at
scale. Overall, the improved prognostic accuracy was modest in
magnitude, although statistically significant. Because of the limited

TABLE 2 | Statistics for individual predictor variables in the refined multivariable Cox proportional hazards regression analysis of risk for psychosis in the derivation

dataset and individual predictor variables for the original model.

Predictor Refined model Original model
B Coefficient 95% ClI P B Coefficient
Age 1 (years)@ -469.25780 - - 0.010 -
Age 2 (years)® 17.97139 -23.87948 59.82225 0.400 -
Gender
Male 0.83976 0.49192 1.18760 <0.00 0.56818
Female 1 1
Age by gender (male) -0.01887 -0.02756 -0.01018 <0.00 -0.01219
Age (years) 0.00186 -0.01290 0.01663 0.805 0.01171
Ethnicity
White 1 1
Black 1.05500 0.90909 1.20091 <0.00 -1.03792
Asian 0.47955 0.16086 0.79824 0.003 0.51434
Mixed 0.66630 0.30616 1.02643 <0.00 0.60440
Other 0.34255 0.12499 0.56010 0.002 0.40810
Index diagnosis
CHR-P 1 1
Acute and transient psychotic disorders 0.95508 0.64887 1.26129 <0.00 0.98672
Substance use disorders —-1.95934 -2.29158 -1.62709 <0.00 -1.92590
Bipolar mood disorders -0.15121 —0.49397 0.19154 0.387 -0.17541
Non-bipolar mood disorders —1.79230 -2.12307 —1.46154 <0.00 —1.88643
Anxiety disorders -2.07204 —2.40071 -1.74336 <0.00 -2.23583
Personality disorders -1.63795 -1.95208 —1.12381 <0.00 -1.54779
Developmental disorders —2.14695 —2.87448 —1.41943 <0.00 —3.46673
Childhood/adolescence onset disorders -2.00792 -2.48912 -1.52672 <0.00 -3.25382
Physiological syndromes —2.44130 —2.92062 -1.96197 <0.00 —2.46315
Mental retardation -2.40199 -2.96704 -1.83694 <0.00 -2.45068

(@) agel = age2.
(b) age2 = age'.
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TABLE 3 | Performance of the refined risk calculator—including the nonlinear effect of age—for transdiagnostic prediction of psychosis in secondary mental health care.

Performance measure Derivation Validation
95% ClI 95% ClI

Overall

Brier@ 0.027 0.018

R? (mean, 95% ClI) 0.771 0.734 0.806 0.743 0.701 0.781
Discrimination

Harrell's C (mean, 95% Cl) 0.814 0.800 0.829 0.805 0.790 0.819

Harrell’s C difference with the original model® 0.014 0.080 0.020 0.0136 0.060 0.021

Discrimination slope® 0.174 0.177 0.168 0.121 0.125 0.118
Calibration

Calibration-in-the-large 0 0.03

Calibration slope (mean, 95% Cl) 1 0.971 0.932 1.011

(a) Harrell's C in the original model: derivation, 0.80; validation, 0.79.
(b) at 10 years.

size of the improvement, it is unlikely that it will be associated
with substantially higher clinical benefits. Yet, medical knowledge
proceeds by incremental steps that can eventually deliver
substantial advancements. In this light, methodological guidelines
recommend updating and refining existing prognostic models
through several iterations, rather than dropping the model and
developing new ones from scratch (13). In fact, the current refined
version of this prognostic model may show higher prognostic
stability in other clinical scenarios, for example, in young CHR-P
populations aged 16-20—as indicated in Figure 3, the polynomial
function may show a better fitting than the linear function in this
specific age period. Improving the prognostic accuracy for the
prediction of clinical outcomes in the young CHR-P population
is particularly important because current CHR-P psychometric
interviews do not perform well in these patients. Accumulating
evidence has demonstrated a dilution of transition risk in
underage CHR-P patients compared to older CHR-P samples (18).
This effect may cause instability in prognostic models and lack of
generalizability. Conversely, the current refined prognostic model
may be more flexible and, by capturing nonlinear as well as linear
effects of age in the youngest groups, may be more generalizable
across different age groups. Notably, the original prognostic
model was not only transdiagnostic but also ageless. As such, it
has the potential to be applied to individuals at risk of psychosis
over the neurodevelopmental period, provided they have received
an initial ICD-10 diagnosis while accessing secondary mental
health care. Because of this characteristic, the refinement of the
current model to incorporate epidemiological effects of age may
be associated with some pragmatic utility. Clearly, this would
need to be demonstrated in future cohort studies of young CHR-P
samples. These results may also have other relevant impacts.

On a conceptual level, improved detection of individuals at
risk for psychosis is urgently needed because, as detailed in the
Introduction, current detection strategies are highly inefficient.
More to the point, it is also essential to standardize the way
individuals at risk for psychosis are recruited for undergoing a
CHR-P assessment. In fact, individuals meeting CHR-P criteria
display functional impairments (52) and a 20% risk of developing
psychosis at 2 years (53) [but not an increased risk of developing
other non-psychotic mental disorders (54, 55)]. The meta-analytical

prognostic accuracy of the CHR-P instruments is excellent [area
under the curve (AUC) at 3 years: 0.9] and is comparable to that of
other preventive paradigms in organic medicine (56). Yet, such an
excellent prognostic accuracy is mostly due to CHR-P instruments’
ability to rule out a state of risk for psychosis. In fact, testing negative
at a CHR-P assessment leads to a 10-fold decrease in the [posttest
(57)] risk of developing psychosis (negative likelihood ratio of 0.01)
(56, 57). Conversely, the CHR-P instruments’ ability to rule-in a
state of risk for psychosis is modest. In fact, testing positive a CHR-P
assessment leads only to a 1.8-fold increase in the [posttest (57)] risk
of developing psychosis (positive likelihood ratio of 1.8) (56, 57).
The consequence is that CHR-P instruments’ prognostic accuracy is
excellent provided samples to which they are applied undergo some
risk enrichment before the assessment [termed as pretest level of risk
(57)]. In fact, CHR-P instruments do not work well when they are
applied outside clinical samples that have already undergone some
pretest risk enrichment (58, 59). This is traditionally obtained during
the recruitment or detection phase, which is mostly unstandardized.
For example, when individuals are recruited from mental health
services, they accumulate several risk factors for psychosis (7) and
their level of risk raises to 15% at 3 years worldwide (6). Such a
pretest level of risk for psychosis is substantially higher compared
to the 0.43% 3-year risk of the local age-matched general population
(14, 60). These considerations explain the most important challenges
of the CHR-P paradigm. For example, the lack of statistical power
because of the poor level of psychosis risk led to underpowered
and negative randomized controlled trials in this population (61).
Furthermore, small sample sizes in CHR-P trials are associated
with inaccurate estimates and large 95% confidence intervals that
have been recently observed in meta-analyses of CHR-P treatments
(62). The main problem is that it is currently not possible to control
recruitment strategies in a systematic fashion. For example, owing
to intense outreach campaigns in the community, the actual posttest
risk of psychosis in CHR-P samples has been declining from 29%
[2012 (63)] to 20% [2016 (53)] worldwide. There are, however, some
exceptions to this phenomenon. For example, in the Outreach and
Support in South London CHR-P service (5), transition risk has not
been declining over time. This is due to the fact that recruitment
strategies have overall maintained a stable pretest risk enrichment
(64). These points altogether corroborate the scientific rationale
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for developing innovative detection and recruitment strategies
that could guarantee a clinically meaningful level of pretest risk
enrichment in this field.

On an empirical level, this study has some additional impact on
the field of prognostic modeling for early psychosis. First, to the best
of our knowledge, our approach is the first one to date that has ever
attempted to estimate the age effect on the probability of psychosis
onset at a meta-analytical level. Because this finding is per se robust,
future prognostic modeling studies in the field of early psychosis
that are considering using age as a predictor could further consider
defining it in polynomial terms (agel = age 2 and age2 = age™'), as
proposed here. Importantly, in our model, age was also retained as a
linear predictor because the age by gender interaction was included
in the model. Second, there are some practical implications
relating to the real-world implementation of the individualized
transdiagnostic risk calculator. A feasibility implementation study
is ongoing in South London and could consider using the refined
version of the calculator (2). The refinement of prognostic models
and their updating to facilitate their real-world clinical usage is a
recommended procedure to improve their prognostic performance
as opposed to continuously developing new models that eventually
do not enter in clinical routine (13).

Limitations of this study are mostly inherited from the
original model and are fully detailed in the previous publications
(8, 11). In brief, our diagnoses have high ecological but unclear
psychometric validity. As such, it is possible that the model is
charting out relationships that reflect diagnostic practice within
the United Kingdom. Future external replication studies are
needed to establish the generalizability of this model outside
the United Kingdom. Randomized clinical trials or economic

REFERENCES

1. Fusar-Poli P. The Clinical High-Risk State for Psychosis (CHR-P), Version IL.
Schizophr Bull (2017) 43(1):44-7. doi: 10.1093/schbul/sbw158

2. Fusar-Poli P, Oliver D, Spada G, Patel R, Stewart R, Dobson R, et al. Real-
world implementation of a transdiagnostic risk calculator for the automatic
detection of individuals at risk of psychosis in clinical routine: study protocol.
Front Psychiatry (2019) 10(109). doi: 10.3389/fpsyt.2019.00109

3. Oliver D, Radua J, Reichenberg A, Uher R, Fusar-Poli P. Psychosis Polyrisk
Score (PPS) for the detection of individuals at risk and the prediction of their
outcomes. Front Psychiatry (2019) 10(174). doi: 10.3389/fpsyt.2019.00174

4. Fusar-Poli P, Borgwardt S, Bechdolf A, Addington J, Riecher-Rossler A,
Schultze-Lutter F, et al. The psychosis high-risk state: a comprehensive
state-of-the-art review. JAMA Psychiatry (2013) 70(1):107-20. doi:
10.1001/jamapsychiatry.2013.269

5. Fusar-Poli P, Byrne M, Badger S, Valmaggia LR, McGuire PK. Outreach and
support in south London (OASIS), 2001-2011: ten years of early diagnosis
and treatment for young individuals at high clinical risk for psychosis. Eur
Psychiatry (2013) 28(5):315-26. doi: 10.1016/j.eurpsy.2012.08.002

6. Fusar-Poli P, Schultze-Lutter E Cappucciati M, Rutigliano G, Bonoldi I, Stahl D,
et al. The dark side of the moon: meta-analytical impact of recruitment
strategies on risk enrichment in the clinical high risk state for psychosis.
Schizophr Bull (2016) 42(3):732-43. doi: 10.1093/schbul/sbv162

7. Fusar-Poli P, Tantardini M, De Simone S, Ramella-Cravaro V, Oliver D,
Kingdon J, et al. Deconstructing vulnerability for psychosis: meta-analysis
of environmental risk factors for psychosis in subjects at ultra high-risk. Eur
Psychiatry (2017) 40:65-75. doi: 10.1016/j.eurpsy.2016.09.003

8. Fusar-Poli P, Rutigliano G, Stahl D, Davies C, Bonoldi I, Reilly T, et al.
Development and validation of a clinically based risk calculator for the

modeling are needed to assess whether our risk calculator
effectively improves patient outcomes.

CONCLUSIONS

The use of a refined version of the clinically based, individualized,
transdiagnostic risk calculator, which allows for nonlinearity
in the association between age and risk of psychosis onset,
may offer a modestly improved prognostic performance. This
calculator may support an improved detection of individuals at
risk of developing psychosis in secondary mental health care, in
particular for the young population.

ETHICS STATEMENT

The study uses anonymized data and has received REC approval.

FUNDING

This study was supported by the King’s College London
Confidence in Concept award from the Medical Research
Council (MRC) (MC_PC_16048) to PFP. These funding bodies
had no role in the design of the study, collection, and analyses.

AUTHOR CONTRIBUTIONS

PFP conceived the study and conducted the analyses with the
supervision of DS. GR prepared the database and contributed to
the analyses. CD extracted the meta-analytical data. The other
authors contributed to the revision of the manuscript.

transdiagnostic prediction of psychosis. JAMA Psychiatry (2017) 74(5):493-
500. doi: 10.1001/jamapsychiatry.2017.0284
9. Fusar-Poli P. Extending the benefits of indicated prevention to improve

outcomes of first-episode psychosis. JAMA Psychiatry (2017) 74(7):667-8.
doi: 10.1001/jamapsychiatry.2017.1009

10. McGorry PD, Hartmann JA, Spooner R, Nelson B. Beyond the “at risk mental
state” concept: transitioning to transdiagnostic psychiatry. World Psychiatry
(2018) 17(2):133-42. doi: 10.1002/wps.20514

11. Fusar-Poli P, Werbeloff N, Rutigliano G, Oliver D, Davies C, Stahl D,
et al. Transdiagnostic risk calculator for the automatic detection of
individuals at risk and the prediction of psychosis: second replication
in an independent national health service trust. Schizophr Bull (2018)
45(3):562-70. doi: 10.1093/schbul/sby070

12. Fusar-Poli P, Solmi M, Brondino N, Davies C, Chae C, Politi P, et al.
Transdiagnostic psychiatry: a systematic review. World Psychiatry (2019)
18(2). doi: 10.1002/wps.20631

13. Fusar-Poli P, Hijazi Z, Stahl D, Steyerberg EW. The science of prognosis in
psychiatry: a review. JAMA Psychiatry (2018) 75(12):1289-97. doi: 10.1001/
jamapsychiatry.2018.2530

14. Fusar-Poli P, Davies C. Bonoldi I. A case of a college student presenting with
mild mental health problems. JAMA Psychiatry (2018) 75(12):1298-9. doi:
10.1001/jamapsychiatry.2018.2486

15. Kirkbride JB, Errazuriz A, Croudace TJ, Morgan C, Jackson D, Boydell J, et al.
Incidence of schizophrenia and other psychoses in England, 1950-2009:
a systematic review and meta-analyses. PLoS One (2012) 7(3):¢31660. doi:
10.1371/journal.pone.0031660

16. Radua J, Ramella-Cravaro V, Ioannidis JPA, Reichenberg A, Phiphopthatsanee
N, Amir T, et al. What causes psychosis? An umbrella review of risk and
protective factors. World Psychiatry (2018) 17(1):49-66. doi: 10.1002/wps.20490

Frontiers in Psychiatry | www.frontiersin.org

May 2019 | Volume 10 | Article 313


https://www.frontiersin.org/journals/psychiatry#articles
https://www.frontiersin.org/journals/psychiatry
www.frontiersin.org
https://doi.org/10.1093/schbul/sbw158
https://doi.org/10.3389/fpsyt.2019.00109
https://doi.org/10.3389/fpsyt.2019.00174
https://doi.org/10.1001/jamapsychiatry.2013.269
https://doi.org/10.1016/j.eurpsy.2012.08.002
https://doi.org/10.1093/schbul/sbv162
https://doi.org/10.1016/j.eurpsy.2016.09.003
https://doi.org/10.1001/jamapsychiatry.2017.0284
https://doi.org/10.1001/jamapsychiatry.2017.1009
https://doi.org/10.1002/wps.20514
https://doi.org/10.1093/schbul/sby070
https://doi.org/10.1001/jamapsychiatry.2018.2530
https://doi.org/10.1001/jamapsychiatry.2018.2530
https://doi.org/10.1001/jamapsychiatry.2018.2486
https://doi.org/10.1371/journal.pone.0031660
https://doi.org/10.1002/wps.20490

Fusar-Poli et al.

Automatic Detection of Psychosis Risk

17.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Fusar-Poli P, Radua J. Ten simple rules for conducting umbrella reviews. Evid
Based Ment Health (2018) 21(3):95-100. doi: 10.1136/ebmental-2018-300014
Schimmelmann BG, Michel C, Martz-Irngartinger A, Linder C, Schultze-
Lutter E. Age matters in the prevalence and clinical significance of ultra-
high-risk for psychosis symptoms and criteria in the general population:
findings from the BEAR and BEARS-kid studies. World Psychiatry (2015)
14(2):189-97. doi: 10.1002/wps.20216

Stewart R, Soremekun M, Perera G, Broadbent M, Callard C, Denis M, et al.
The South London and Maudsley NHS Foundation Trust Biomedical Research
Centre (SLAM BRC) case register: development and descriptive data. BMC
Psychiatry (2009) 9:51. doi: 10.1186/1471-244X-9-51

Perera G, Broadbent M, Callard F, Chang C, Downs J, Dutta R, et al. Cohort
profile of the South London and Maudsley NHS Foundation Trust Biomedical
Research Centre (SLaM BRC) case register: current status and recent
enhancement of an electronic mental health record-derived data resource.
BM] Open (2016) 6(3):e008721. doi: 10.1136/bmjopen-2015-008721
Fusar-Poli P, Diaz-Caneja CM, Patel R, Valmaggia L, Byrne M, Garety P, et al.
Services for people at high risk improve outcomes in patients with first episode
psychosis. Acta Psychiatr Scand (2016) 133(1):76-85. doi: 10.1111/acps.12480
Roberts E, Wessely S, Chalder T, Chang CK, Hotopf M. Mortality of people
with chronic fatigue syndrome: a retrospective cohort study in England
and Wales from the South London and Maudsley NHS Foundation Trust
Biomedical Research Centre (SLaM BRC) Clinical Record Interactive
Search (CRIS) register. Lancet (2016) 387(10028):1638-43. doi: 10.1016/
S0140-6736(15)01223-4

Oram S, Khondoker M, Abas M, Broadbent M, Howard LM. Characteristics
of trafficked adults and children with severe mental illness: a historical
cohort study. Lancet Psychiatry (2015) 2(12):1084-91. doi: 10.1016/
§2215-0366(15)00290-4

Fusar-Poli P, Rutigliano G, Stahl D, Schmidt A, Ramella-Cravaro V, Hitesh S,
et al. Deconstructing risk enrichment to optimize prediction of psychosis in
individuals at clinical high risk. JAMA Psychiatry (2016) 73(12):1260-7. doi:
10.1001/jamapsychiatry.2016.2707

Brittain PJ, Lobo SE, Rucker J, Amarasinghe M, Anilkumar APP, Baggaley M,
et al. Harnessing clinical psychiatric data with an electronic assessment tool
(OPCRIT+): the utility of symptom dimensions. PLoS One (2013) 8(3):¢58790.
doi: 10.1371/journal.pone.0058790

Fernandes AC, Cloete D, Broadbent MT, Hayes RD, Chang C, Jackson RG,
et al. Development and evaluation of a de-identification procedure for a case
register sourced from mental health electronic records. BMC Med Inform
Decis Mak (2013) 13:71. doi: 10.1186/1472-6947-13-71

Jackson RG, Ball M, Patel R, Hayes RD, Dobson RJB, Stewart R. TextHunter—a
user friendly tool for extracting generic concepts from free text in clinical
research. Paper presented at: AMIA Annu Symp Proc 2014 (2014) 2014:729-38.
Perera G, Soremekun M, Breen G, Stewart R. The psychiatric case register:
noble past, challenging present, but exciting future. Br J Psychiatry (2009)
195(3):191-3. doi: 10.1192/bjp.bp.109.068452

Studerus E, Ramyead A, Riecher-Rossler A. Prediction of transition to
psychosis in patients with a clinical high risk for psychosis: a systematic
review of methodology and reporting. Psychol Med (2017) 47(7):1163-78.
doi: 10.1017/S0033291716003494

WHO. The ICD-10 classification of mental and behavioural disorders: clinical
descriptions and diagnostic guidelines. Geneva (1992).

Fusar-Poli P, Cappucciati M, De Micheli A, Rutigliano G, Bonoldi I, Tognin S,
et al. Diagnostic and prognostic significance of Brief Limited Intermittent
Psychotic Symptoms (BLIPS) in individuals at ultra high risk. Schizophr Bull
(2017) 43(1):48-56. doi: 10.1093/schbul/sbw151

Fusar-Poli P, Cappucciati M, Bonoldi I, Hui C, Rutigliano G, Stahl D, et al.
Prognosis of brief psychotic episodes: a meta-analysis. JAMA Psychiatry
(2016) 73(3):211-20. doi: 10.1001/jamapsychiatry.2015.2313

Rutigliano G, Merlino S, Minichino A, Patel R, Davies C, Oliver D, et al.
Long term outcomes of acute and transient psychotic disorders: the missed
opportunity of preventive interventions. Eur Psychiatry (2018) 52:126-33.
doi: 10.1016/j.eurpsy.2018.05.004

Minichino A, Rutigliano G, Merlino S, Davies C, Oliver D, De Micheli A, et al.
Unmet needs in patients with brief psychotic disorders: too ill for clinical high
risk services and not enough ill for first episode services. Eur Psychiatry (2018)
57:26-32. doi: 10.1016/j.eurpsy.2018.12.006

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Benchimol EI, Smeeth L, Guttmann A, Harron K, Moher D, Petersen I, et al.
The REporting of studies Conducted using Observational Routinely-collected
health Data (RECORD) statement. PLoS Med (2015) 12(10):e1001885. doi:
10.1371/journal.pmed.1001885

Collins GS, Reitsma JB, Altman DG, Moons KG. Transparent Reporting
of a multivariable prediction model for Individual Prognosis or Diagnosis
(TRIPOD): the TRIPOD statement. Ann Intern Med (2015) 162(1):55-63.
doi: 10.7326/M14-0697

Royston P, Altman DG. External validation of a Cox prognostic model:
principles and methods. BMC Med Res Methodol (2013) 13:33. doi:
10.1186/1471-2288-13-33

Steyerberg EW, Vickers AJ, Cook NR, Gerds T, Gonen M, Obuchowski N,
et al. Assessing the performance of prediction models: a framework for
traditional and novel measures. Epidemiology (2010) 21(1):128-38. doi:
10.1097/EDE.0b013e3181c30fb2

Greenwood M. The natural duration of cancer. London: His Majesty’s
Stationery Office (1926).

Royston P, Parmar M, Altman DG. External validation and updating of a
prognostic survival model. Hub for Trials Methodology Research, MRC
Clinical Trials Unit and University College London 222 Euston Road,
LONDON NW1 2DA, UK: Department of Statistical Science, University
College London (2010).

Debray TP, Vergouwe Y, Koffijberg H, Nieboer D, Steyerberg EW, Moons
KG. A new framework to enhance the interpretation of external validation
studies of clinical prediction models. J Clin Epidemiol (2015) 68(3):279-89.
doi: 10.1016/j.jclinepi.2014.06.018

Kirkbride J, Errazuriz A, Croudace T, Morgan C, Jackson D, McCrone P,
et al. Systematic review of the incidence and prevalence of schizophrenia
and other psychoses in England. (2012). http://www.psychiatry.cam.ac
.uk/files/2014/05/Final-report-v1.05-Jan-12.pdf. Published Version 1.05.
p- 1-258. Accessed Oct 21st 2017.

Baneshi MR, Nakhaee F, Law M. On the use of fractional polynomial models
to assess preventive aspect of variables: an example in prevention of mortality
following HIV infection. Int ] Prev Med (2013) 4(4):414-9.

Royston P, Altman DG. Regression using fractional polynomials of
continuous covariates: parsimonious parametric modelling. ] R Stat Soc Ser
C Appl Stat (1994) 43(3):429-67. doi: 10.2307/2986270

Royston P, Sauerbrei W. Fractional polynomials for one variable. In:
Multivariable Model-Building: A pragmatic approach to regression analysis
based on fractional polynomials for modelling continuous variables. John
Wiley & Sons, Ltd (2008).

Grambsch P, Therneau T. Proportional hazards tests and diagnostics
based on weighted residuals. Biometrika (1994) 81:515-26. doi: 10.1093/
biomet/81.3.515

Hosmer W, Lemeshow S. Applied survival analysis: Regression modeling of
time to event data. New York, NY: Wiley & Sons (1999).

Machin D, Cheung Y, Parmar M. Survival analysis: A practical approach. 2nd
ed. Chichester, UK: John Wiley & Sons Ltd (2006). doi: 10.1002/0470034572
Royston P. Explained variation for survival models. Stata J (2006) 6(1):83—
96. doi: 10.1177/1536867X0600600105

Newson R. Comparing the predictive powers of survival models
using Harrell's C or Somers’ D. Stata J (2010) 10(3):339-58. doi:
10.1177/1536867X1001000303

Collins GS, Ogundimu EO, Altman DG. Sample size considerations for the
external validation of a multivariable prognostic model: a resampling study.
Stat Med (2016) 35(2):214-26. doi: 10.1002/sim.6787

Fusar-Poli P, Rocchetti M, Sardella A, Avila A, Brandizzi M, Caverzasi E,
et al. Disorder, not just state of risk: meta-analysis of functioning and quality
of life in people at high risk of psychosis. Br ] Psychiatry (2015) 207(3):198-
206. doi: 10.1192/bjp.bp.114.157115

Fusar-Poli P, Cappucciati M, Borgwardt S, Woods S, Addington J, Nelson B
et al. Heterogeneity of psychosis risk within individuals at clinical high risk:
a meta-analytical stratification. JAMA Psychiatry (2016) 73(2):113-20. doi:
10.1001/jamapsychiatry.2015.2324

Fusar-Poli P, Rutigliano G, Stahl D, Davies C, De Micheli A, Ramella-
Cravaro V, et al. Long-term validity of the At Risk Mental State (ARMS) for
predicting psychotic and non-psychotic mental disorders. Eur Psychiatry
(2017) 42:49-54. doi: 10.1016/j.eurpsy.2016.11.010

Frontiers in Psychiatry | www.frontiersin.org

10

May 2019 | Volume 10 | Article 313


https://www.frontiersin.org/journals/psychiatry#articles
https://www.frontiersin.org/journals/psychiatry
www.frontiersin.org
https://doi.org/10.1136/ebmental-2018-300014
https://doi.org/10.1002/wps.20216
https://doi.org/10.1186/1471-244X-9-51
https://doi.org/10.1136/bmjopen-2015-008721
https://doi.org/10.1111/acps.12480
https://doi.org/10.1016/S0140-6736(15)01223-4
https://doi.org/10.1016/S0140-6736(15)01223-4
https://doi.org/10.1016/S2215-0366(15)00290-4
https://doi.org/10.1016/S2215-0366(15)00290-4
https://doi.org/10.1001/jamapsychiatry.2016.2707
https://doi.org/10.1371/journal.pone.0058790
https://doi.org/10.1186/1472-6947-13-71
https://doi.org/10.1192/bjp.bp.109.068452
https://doi.org/10.1017/S0033291716003494
https://doi.org/10.1093/schbul/sbw151
https://doi.org/10.1001/jamapsychiatry.2015.2313
https://doi.org/10.1016/j.eurpsy.2018.05.004
https://doi.org/10.1016/j.eurpsy.2018.12.006
https://doi.org/10.1371/journal.pmed.1001885
https://doi.org/10.7326/M14-0697
https://doi.org/10.1186/1471-2288-13-33
https://doi.org/10.1097/EDE.0b013e3181c30fb2
https://doi.org/10.1016/j.jclinepi.2014.06.018
http://www.psychiatry.cam.ac.uk/files/2014/05/Final-report-v1.05-Jan-12.pdf
http://www.psychiatry.cam.ac.uk/files/2014/05/Final-report-v1.05-Jan-12.pdf
https://doi.org/10.2307/2986270
https://doi.org/10.1093/biomet/81.3.515
https://doi.org/10.1093/biomet/81.3.515
https://doi.org/10.1002/0470034572
https://doi.org/10.1177/1536867X0600600105
https://doi.org/10.1177/1536867X1001000303
https://doi.org/10.1002/sim.6787
https://doi.org/10.1192/bjp.bp.114.157115
https://doi.org/10.1001/jamapsychiatry.2015.2324
https://doi.org/10.1016/j.eurpsy.2016.11.010

Fusar-Poli et al.

Automatic Detection of Psychosis Risk

55.

56.

57.

58.

59.

60.

61.

Webb JR, Addington J, Perkins DO, Bearden CE, Cadenhead KS, Cannon TD,
et al. Specificity of incident diagnostic outcomes in patients at clinical high
risk for psychosis. Schizophr Bull (2015) 41(5):1066-75. doi: 10.1093/schbul/
sbv091

Fusar-Poli P, Cappucciati M, Rutigliano G, Schultze-Lutter F, Bonoldi I,
Borgwardt S, et al. At risk or not at risk? A meta-analysis of the prognostic
accuracy of psychometric interviews for psychosis prediction. World
Psychiatry (2015) 14(3):322-32. doi: 10.1002/wps.20250

Fusar-Poli P, Schultze-Lutter F. Predicting the onset of psychosis in patients
at clinical high risk: practical guide to probabilistic prognostic reasoning.
Evid Based Ment Health (2016) 19(1):10-15. doi: 10.1136/eb-2015-102295
Fusar-Poli P. Why ultra high risk criteria for psychosis prediction do not
work well outside clinical samples and what to do about it. World Psychiatry
(2017) 16(2):212-3. doi: 10.1002/wps.20405

Fusar-Poli P, Schultze-Lutter F, Addington J. Intensive community outreach
for those at ultra high risk of psychosis: dilution, not solution. Lancet
Psychiatry (2016) 3(1):18. doi: 10.1016/52215-0366(15)00491-5

Fusar-Poli P, Rutigliano G, Stahl D, Schmidt A, Ramella-Cravaro V, Hitesh S,
et al. Deconstructing pretest risk enrichment to optimize prediction of
psychosis in individuals at clinical high risk. JAMA Psychiatry (2016)
73(2):1260-7. doi: 10.1001/jamapsychiatry.2016.2707

Fusar-Poli P. Negative psychosis prevention trials. JAMA Psychiatry (2017)
74(6):651. doi: 10.1001/jamapsychiatry.2017.0185

62. Davies C, Cipriani A, Ioannidis JPA, Radua J, Stahl D, Provenzani U, et al.
Lack of evidence to favor specific preventive interventions in psychosis: a
network meta-analysis. World Psychiatry (2018) 17(2):196-209. doi: 10.1002/
wps.20526

63. Fusar-Poli P, Bonoldi I, Yung AR, Borgwardt B, Kempton MJ, Valmaggia L,
et al. Predicting psychosis: meta-analysis of transition outcomes in individuals
at high clinical risk. Arch Gen Psychiatry (2012) 69(3):220-9. doi: 10.1001/
archgenpsychiatry.2011.1472

64. Fusar-Poli P, Palombini E, Davies C, Oliver D, Bonoldi I, Ramella-Cravaro V,
et al. Why transition risk to psychosis is not declining at the OASIS ultra high
risk service: the hidden role of stable pretest risk enrichment. Schizophr Res
(2017) 192:385-90. doi: 10.1016/j.schres.2017.06.015

Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Copyright © 2019 Fusar-Poli, Davies, Rutigliano, Stahl, Bonoldi and McGuire. This
is an open-access article distributed under the terms of the Creative Commons Attribution
License (CC BY). The use, distribution or reproduction in other forums is permitted,
provided the original author(s) and the copyright owner(s) are credited and that the
original publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with these terms.

Frontiers in Psychiatry | www.frontiersin.org

11

May 2019 | Volume 10 | Article 313


https://www.frontiersin.org/journals/psychiatry#articles
https://www.frontiersin.org/journals/psychiatry
www.frontiersin.org
https://doi.org/10.1093/schbul/sbv091
https://doi.org/10.1093/schbul/sbv091
https://doi.org/10.1002/wps.20250
https://doi.org/10.1136/eb-2015-102295
https://doi.org/10.1002/wps.20405
https://doi.org/10.1016/S2215-0366(15)00491-5
https://doi.org/10.1001/jamapsychiatry.2016.2707
https://doi.org/10.1001/jamapsychiatry.2017.0185
https://doi.org/10.1002/wps.20526
https://doi.org/10.1002/wps.20526
https://doi.org/10.1001/archgenpsychiatry.2011.1472
https://doi.org/10.1001/archgenpsychiatry.2011.1472
https://doi.org/10.1016/j.schres.2017.06.015
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Transdiagnostic Individualized Clinically Based Risk Calculator for the Detection of Individuals at Risk and the Prediction of Psychosis: Model Refinement Including Nonlinear Effects of Age

	Introduction

	Methods

	Data Source

	Study Population

	Variable Definitions

	Statistical Analysis

	Development and Validation Databases

	Development of the Revised Model

	External Validation of the Revised Model



	Results

	Sociodemographic and Clinical Characteristics of the Derivation 
and Validation Datasets

	Model Development

	Fractional Polynomial Analysis

	Model Performance in the Derivation Dataset

	Model Performance in the Validation Dataset



	Discussion

	Conclusions

	Ethics Statement

	Funding

	Author Contributions

	References



