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Background
A clinical tool to estimate the risk of treatment-resistant schizo-
phrenia (TRS) in people with first-episode psychosis (FEP) would
inform early detection of TRS and overcome the delay of up to
5 years in starting TRS medication.

Aims
To develop and evaluate a model that could predict the risk of
TRS in routine clinical practice.

Method
We used data from two UK-based FEP cohorts (GAP and
AESOP-10) to develop and internally validate a prognostic
model that supports identification of patients at high-risk
of TRS soon after FEP diagnosis. Using sociodemographic
and clinical predictors, a model for predicting risk of TRS
was developed based on penalised logistic regression, with
missing data handled using multiple imputation. Internal valid-
ation was undertaken via bootstrapping, obtaining optimism-
adjusted estimates of the model’s performance. Interviews and
focus groups with clinicians were conducted to establish clinic-
ally relevant risk thresholds and understand the acceptability
and perceived utility of the model.

Results
We included seven factors in the prediction model that are
predominantly assessed in clinical practice in patients with FEP.

The model predicted treatment resistance among the 1081
patients with reasonable accuracy; the model’s C-statistic was
0.727 (95% CI 0.723–0.732) prior to shrinkage and 0.687 after
adjustment for optimism. Calibration was good (expected/
observed ratio: 0.999; calibration-in-the-large: 0.000584) after
adjustment for optimism.

Conclusions
We developed and internally validated a prediction model with
reasonably good predictive metrics. Clinicians, patients and
carers were involved in the development process. External val-
idation of the tool is needed followed by co-design methodology
to support implementation in early intervention services.
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Treatment-resistant schizophrenia (TRS) is defined as the presence
of persistent symptoms of at least moderate severity and functional
impairment despite treatment with at least two different antipsy-
chotics used in adequate dose, each for 4–6 weeks’ minimum dur-
ation.1 Results from a recent meta-analysis showed that almost a
quarter of people with first-episode psychosis (FEP) or schizophre-
nia develop TRS in the early stages of treatment, increasing to one-
third when the estimates included those who relapse despite initial
response and long-term follow-up.2 In England, 25–50% of the
National Health Service’s (NHS) £11.8 billion mental health
budget is allocated to schizophrenia care.3 Considering that about
one-third of people with schizophrenia develop TRS, treatment
resistance accounts for a large proportion of these costs.

Current interventions

Clozapine is the only medication licensed for TRS, and is often
delayed by between 5 and 10 years.4,5 Other interventions that
can be used in TRS, such as cognitive–behavioural therapy (CBT),
are used even less optimally.6 The delay in starting effective treat-
ments for TRS is due to multiple factors, including a lack of clear
guidance on the identification of TRS and the difficulties in identi-
fying suitable patients.7 A systematic review demonstrated that
delayed clozapine use was related to poor treatment outcomes

among people with TRS.8 Another recent systematic review based
on 34 articles involving 9386 people with schizophrenia spectrum
disorders suggested that starting clozapine early in treatment
could indeed improve the outcome of people with first-episode
schizophrenia.9 Specifically, Yoshimura et al (2017) showed that
when delay in initiating clozapine was less than 2.8 years, the
response rates were 81.6%, compared with 30.8% when clozapine
was delayed by 2.8 years or more.10

The early identification of those at risk of treatment resistance
would minimise the delays to effective treatments for TRS, thus pre-
venting much greater disability, frequent hospital admissions and
other complications associated with TRS.11 A systematic review of
prediction models in FEP12 identified only two studies describing
the prediction of TRS.13,14 These studies had several methodological
limitations, including small sample size and lack of adequate power
for robustly developing a prediction model.12

Our model

To address this, we combined data from two cohorts to develop a prog-
nostic model for estimating an individual’s 5- to 10-year risk of devel-
oping treatment resistance to standard (non-clozapine) antipsychotic
drugs based on sociodemographic and clinical characteristics, and to
undertake internal validation of the model’s predictive performance.
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Method

A protocol following the PROGRESS (prognosis research strategy)
framework and guidance for prognosis research describing full
methodology has been previously published.15 We describe the
key methodological details here. We used the TRIPOD (transparent
reporting of a multivariable prediction model for individual prognosis
or diagnosis) guidelines to report the study (see Supplementary
Appendix 1, available at https://doi.org/10.1192/bjp.2024.101).16

We used a mixed-methods design including statistical methods to
develop the prognostic model using individual participant data
from two existing cohorts and examined its predictive performance,
followed by qualitative data generated through focus groups and
semi-structured interviews with clinicians (psychiatrists, pharma-
cists) responsible for managing people with TRS to explore the
acceptability and perceived utility of the prediction model.15

Study sample

Individual participant data from two existing cohorts (GAP and
AESOP-10) that included people with FEP presenting to mental
health services were used to develop and internally validate the
prognostic model.

The Genetics and Psychosis (GAP) cohort

The Genetics and Psychosis (GAP) cohort comprised participants
aged 18–65 years and meeting criteria for FEP (ICD-10 diagnoses:
F20.0, F25.0, F28.0, F29.0),17 validated by administration of the
Schedules for Clinical Assessment in Neuropsychiatry (SCAN).18

GAP inclusion and exclusion criteria are described elsewhere.19

Approximately 5 years after first contact with mental health services
for psychosis in South East London, all patients with a baseline diag-
nosis of schizophrenia spectrum disorders and who had given consent
for follow-up and assessment of their clinical records, were followed
up. Follow-up data, including treatment received for psychosis, were
extracted retrospectively using the electronic psychiatric clinical
records (EPCRs). All deaths and emigrations up to and including
those that occurred during the final year of follow-up were identified
by a case-tracing procedure with the Office for National Statistics
(ONS) for England and Wales and the General Register Office
(GRO) for Scotland. Overall, 246 out of 283 participants were success-
fully followed up (86.9%); sufficient information on treatment received
was available for 239 individuals. Eighty (33.5%) of these individuals
met criteria for treatment resistance and 159 (66.5%) were non-treat-
ment resistant. Patients who were lost to follow-up were not different
in the baseline characteristics from patients who had full follow-up
data (Supplementary Table 3 in Ajnakina et al (2017)20).

The Aetiology and Ethnicity in Schizophrenia and Other Psychoses
(AESOP-10) cohort

Aetiology and Ethnicity in Schizophrenia and Other Psychoses
(AESOP-10) is a longitudinal, population-based study of incident
cases of psychosis from defined catchment areas with a 10-year
follow-up.14 At baseline, all patients aged 16–64 years who pre-
sented with a first episode of a functional psychosis over a 2-year
period in services in South East London and Nottingham (UK)
were invited to take part. Psychopathology was assessed using the
SCAN.18 Diagnoses were made according to the ICD-10 diagnostic
criteria for research during clinical consensus meetings. Out of a
total of 557 participants recruited at baseline, 434 provided
follow-up data (77.9%). For 286 participants for whom there was
complete information on medication, adherence to treatment and
symptom ratings over the 10-year follow-up period were recorded
in the individual participant data. Of the 434 participants, 88

(20.3%) met the criteria for TRS. The comparison of those who
had complete information at follow-up and those without revealed
that there was no evidence of systematic differences by age, gender,
duration of untreated psychosis and other sociodemographic and
clinical variables (Supplementary Table 3 in Morgan et al (2014)21).

Baseline data

Baseline data were collected within a 3-month period following the
first contact with psychiatric services to ensureminimal effect of expos-
ure to antipsychotic medications. The following variables were
recorded at baseline in both data-sets: age at first contact with
mental health services, gender, ethnicity, IQ, educational level, employ-
ment status, living arrangements, living alone, being single or sepa-
rated, baseline diagnosis (ICD-10 and DSM-IV), mode of onset,
duration of untreated psychosis, family history of psychosis, substance
misuse, alcohol use, symptom dimensions and childhood adversity.

Outcome measure

The primary outcome measure was the occurrence of TRS at 5 to 10
years. As the follow-up was 5 years in GAP and 10 years in AESOP-
10, and outcome status was unknown by 5 years (AESOP-10) or 10
years (GAP), to utilise both data-sets for model development we
assumed that risks by 5 and 10 years were similar. Based on partici-
pants with complete outcome data, the overall outcome risk was
0.263 across both data-sets combined, 0.267 in GAP (5-year
follow-up) and 0.259 in AESOP (10-year follow-up), indicating
that the data-sets and time-points were very similar in terms of
the overall risk for TRS.

Treatment resistance definition

In keeping with the consensus definition of TRS,1 treatment resist-
ance in both data sources was defined as not responding to two
consecutive periods of antipsychotic medication of adequate dose
and for an adequate duration and/or the documented reason for
switching antipsychotic medication being a lack of therapeutic
response.13,14,22–24 The adequate daily dose of antipsychotics was
defined as equivalent to a daily dose of ≥400 mg chlorpromazine.25

This definition of TRS requires treatment with two antipsychotics
used in therapeutic dose in a sequential manner, which is rare in
clinical practice. A gap of no longer than 14 days was allowed
between consecutive treatments.We only considered asmeeting cri-
teria for TRS those individuals who failed to respond and not those
who were intolerant of antipsychotic medications or those who
themselves discontinued antipsychotic medication.13,14,22–24 A
lack of improvement in symptoms and social functioning was
defined as the continued presence of overt psychotic symptoms
(operationalised13 as a score of 2 or 3 on rating scale 2 in the
SCAN, where 0 = absence, 1 = symptom occurred, but fleeting,
2 = symptom definitely present, 3 = symptom present more or less
continuously) for 6 months or longer.21,26,27

Characteristics of the data-sets

The salient features of the data-sets and cohorts are given in Table 1.

Identification of candidate predictors

We used an iterative approach to identify candidate predictors for
model inclusion a priori (before data analysis) (Supplementary
Appendix 2). This included:

(a) a review of relevant literature,20,28–33 with additional focused
searches (MEDLINE, Embase, PsycInfo)

(b) acknowledgement of which variables were recorded in both
data-sets (see above)
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(c) consultation with our expert and patient advisory groups,
through face-to-face (patient advisory group) and videoconference
(clinical expert advisory group) meetings. These meetings were
facilitated by an experienced qualitative researcher (T.K.) and
clinical member of the study team (S.F.).

We identified 22 candidate predictors from a literature review using
the above approach and finally selected the following seven predictors
for model development, as these were available in both data-sets and
were ranked as most important by the expert panel in predicting TRS:

(a) age34

(b) duration of untreated psychosis20

(c) comorbidity: drug use (yes/no)35

(d) alcohol use (yes/no)21,36

(e) premorbid adjustment (National Adult Reading Test; NART)37

(f) diagnosis of schizophrenia or schizoaffective disorder (instead
of psychotic depression or psychotic mania)19

(g) family history of psychosis.38

The details of the definition and measurement of these candi-
date predictors are provided in Supplementary Appendix 7.

Qualitative data collection

A topic guide and real life case examples (with fictitious names and
identifying information) (Supplementary Appendix 5) were used to
prompt discussion of challenges and opportunities for designing
and embedding a clinical decision tool for TRS, based on the predic-
tion model. The topic guide was developed with input from the
patient advisory group. All data collection took place online via
Microsoft Teams.

Statistical analysis for model development
Handling of missing data

We examined the extent and distribution of missing data for predic-
tors, treatment characteristics and clinical outcomes and compared
these with data for those who were lost to follow-up to assess the risk
of attrition bias. Imputation of missing values was handled separ-
ately for each cohort, prior to combining the data for predictive
modelling, to retain any potential between-cohort heterogeneity.
Imputation of missing data (both outcomes and predictors) was
done using multiple imputation of 50 data-sets, under a ‘missing
at random’ assumption, including outcome and candidate predic-
tors in the imputation model alongside a broader set of auxiliary
variables available in each cohort (to improve the missing at
random assumption).39,40 The complete methods of imputation
are provided in Supplementary Appendix 10.

Sample size for model development

There was a large quantity of missing data across both data-sets for
the outcome of treatment resistance, and therefore two sample-
size calculations were performed, one based on cases with com-
plete outcome data (n = 638) and one based on all available

cases (n = 1081). Of the 638 participants with complete outcome
data, 168 were treatment resistant, corresponding to an outcome
event prevalence of 0.263. Based on this sample size and
outcome proportion, and conservatively assuming a Nagelkerke
R2 of 15%, the minimum sample size calculation of Riley et al41 indi-
cated that a maximum of 8 predictor parameters could be considered.
When including all participants withmissing outcome data and assum-
ing the same prevalence and Nagelkerke R2, the sample size calculation
suggested that amaximumof 13 predictor parameters could be consid-
ered. Although imputation was used to allow inclusion of patients with
missing outcome data this does not recover all information. Therefore,
we allowed for a maximum of 10 predictor parameters in the model, a
compromise between the 8 and 13 from the two calculations.

Non-linear transformations of predictors

Non-linear transformations for continuous predictors were investi-
gated using fractional polynomials and for missing observations
imputed using multiple imputation of covariates by fully conditional
specification using the substantive model. There was no evidence
for non-linear transformations for the continuous predictors in the
model. Therefore, all continuous covariates were modelled as linear.

Model development and internal validation

A model for predicting risk of TRS was developed based on pena-
lised multivariable logistic regression, considering all candidate pre-
dictors emerging from the process as described above. A logistic
model (with treatment resistance at 5–10 years as the outcome)
with a random intercept for each data-set (GAP and AESOP-10)
was fitted, forcing all predictors into the model regardless of their
statistical significance. Rubin’s rule was used to combine model par-
ameter estimates across each imputation data-set.

The apparent performance was measured in terms of discrimin-
ation (quantified using the C-statistic) and calibration (quantified
using the calibration-in-large, calibration slope, ratio of expected
to observed number of events (E/O), and calibration plots with
smooth calibration curves). The apparent performance was esti-
mated in each imputation data-set and then averaged across all
imputation data-sets.

Calibration and discrimination summary statistics were
obtained by averaging across imputation data-sets. Calibration
plots and decision curve plots are presented for a randomly
chosen imputation data-set in the Results section below, and
others are given in Supplementary Appendices 8 and 9.

Internal validation was undertaken using bootstrapping of the
entire development data-set (accounting for the clustering of parti-
cipants within studies) to estimate optimism in model performance,
and then to derive optimism-adjusted estimates of predictive per-
formance for calibration (e.g. calibration-in-the-large, calibration
slope) and discrimination (C-statistic) of predicted risks. Finally,
the developed model was adjusted (penalised) by multiplying
predictor coefficients by the shrinkage factor (optimism-adjusted
calibration slope) and the intercept re-estimated to ensure calibra-
tion-in-the-large.

Table 1 Salient features of the data-sets and cohort

AESOP-10 GAP

Calendar years of recruitment 1997–1999 2005–2010
Catchment areas South East London and Nottingham South East London
Follow-up period 10 years 5 years
Participants at baseline, n 557 283
Participants with data at follow-up, n 434 246
Patients meeting criteria for treatment-resistant schizophrenia 88 (20.3%) 80 (33.5%)

GAP, Genetics and Psychosis cohort; AESOP-10, Aetiology and Ethnicity in Schizophrenia and Other Psychoses.

Development and initial evaluation of SPIRIT

3
Downloaded from https://www.cambridge.org/core. 18 Sep 2024 at 04:30:59, subject to the Cambridge Core terms of use.

https://www.cambridge.org/core


Sensitivity analyses

Two additional analyses were conducted. First, as the clinical fea-
tures of FEP at the time of first contact with psychiatric services
can be non-specific, formulating a diagnosis of schizophrenia or
schizoaffective disorder is not possible in all cases.42 Therefore, we
conducted the analysis excluding the variable indicating a diagnosis
of schizophrenia or schizoaffective disorder and estimated its
impact on model performance. Second, performance of both
models was checked in each data-set separately, to examine poten-
tial heterogeneity of performance across the two cohorts.

Determining a decision threshold

Decision curve analysis was conducted to explore the potential net
benefit of using a prediction model to make treatment decisions (i.e.
prescribe clozapine rather than routine antipsychotics), based on a
threshold of risk of TRS considered acceptable by clinicians. The
decision to treat would depend on the benefits (expected effects)
and harms (complications, costs) of the treatment for TRS. If the
treatment is effective with minimal costs and risk of complications
the preferred threshold is likely to be low, and vice versa. Fifteen
clinicians were consulted on their opinion of an appropriate thresh-
old probability at which their decision on treatment decision would
change. To facilitate the discussion, the clinicians were presented
with two real-life case descriptions (with fictitious names and iden-
tifying information), developed together with our patient and expert
advisors (Supplementary Appendix 5). The discussion considered
the social and clinical implications of clozapine use for young indi-
viduals when discussing the balance of expected benefits and harms
of clozapine therapy compared with first-line antipsychotics or
other treatment options.

Qualitative analysis

Qualitative data were recorded, transcribed and analysed using a
thematic approach.43 The concept of information power was oper-
ationalised to guide sampling, data collection and analysis.44

Patient and public involvement and engagement (PPIE)

Patient and public involvement and engagement (PPIE) was
embedded through a patient and carer advisory group comprising
four to six people with psychosis, and a carer who participated in
the study design, conduct and analysis and is a co-author (D.S.).

Ethics approvals

The development of the prognostic model was based on anon-
ymised data from the existing GAP and AESOP-10 cohorts, for
which ethical approval is in place. Ethical approval for the qualita-
tive studies was obtained from the Keele University Faculty of
Medical and Health Sciences Ethics Committee (Ref: MH-
210174). The authors assert that all procedures contributing to
this work comply with the ethical standards of the relevant national
and institutional committees on human experimentation and with
the Helsinki Declaration of 1975, as revised in 2008.

Consent statement

Written informed consent was obtained from all participants.

Results

Study sample

Across the two data-sets there were 1081 participants, 638 of whom
had complete outcome data that included 168 (26.3%) with TRS.

Baseline characteristics of the two cohorts as well as the combined
sample are given in Table 1.

Prediction model and predictive performance

The main model (model 1) including the initial diagnosis of schizo-
phrenia or schizoaffective disorder is contained in Table 2. The
mathematical formula for this model (post-shrinkage) is:

log
P

1� P

� �
¼ �1:5857þ β1i � 0:0404 Age

þ 0:0079 Premorbid adjustment

þ 0:0015 Duration of untreated psychosis

� 0:4416 Drug useþ 0:6925 Alcohol use

þ 1:0528 Diagnosis of schizophrenia or

schizoaffective� 0:0483 Family history

where β1i∼N(0, (8.09 × 10−9)2).
The shrinkage factor was 0.798. The random effect on the inter-

cept had a standard deviation of 8.09 × 10−9.
Table 3 describes the predictive performance of the main model.

Apparent discrimination (C-statistic) prior to shrinkage was 0.727
(95% CI 0.723–0.732) and 0.687 after shrinkage (adjustment for
optimism), indicating reasonable ability of the model to discrimin-
ate between participants with and without TRS after a period of
5–10 years. The apparent calibration performance showed that
the ratio of average expected (predicted) risk to average observed
risk was close to 1, both before and after adjustment for optimism,
indicating good overall agreement between predicted and observed
risks.

Fig. 1 offers an example of a calibration plot prior to shrinkage
based on one imputation data-set (data-set 31). The plot confirms
a calibration slope close to 1 and predicted risks fairly close to
observed risks across the range of observed risk.

Decision curve analysis

During the stakeholder meeting, clinicians preferred a high thresh-
old (at least 50% risk of TRS) for changing treatment from routinely

Table 2 Main model (model 1) after shrinkage including diagnosis of
schizophrenia or schizoaffective disorder

Predictor Coefficient

Age −0.0404
Premorbid adjustment (NART FSIQ) 0.0079
Duration of untreated psychosis 0.0015
Drug use −0.4416
Alcohol use 0.6925
Diagnosis of schizophrenia or schizoaffective 1.0528
Family history −0.0483
Intercept −1.5857

NART FSIQ, full-scale intelligence quotient (IQ) derived from the National Adult Reading
Test.

Table 3 Performance of model 1 including diagnosis of schizophrenia
or schizoaffective disorder

Statistic Apparent (before shrinkage)
Optimism
adjusted

C-statistic 0.727 (95% CI 0.723 to 0.732) 0.687
Calibration slope 0.999 (95% CI 0.973 to 1.025) 0.798
Calibration-in-the-large 0.0003762 (95% CI 2.93 × 10−6

to 0.000749)
0.00584

Expected/observed 0.9998 0.9993
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used antipsychotics, illustrating a reluctance to prescribe clozapine.
Fig. 2 shows an example (in a random imputation data-set) decision
curve for model 1, including competing strategies of treating every-
one or treating none. A threshold probability of 0.50 would convey
little net benefit, as it would correctly identify only a small number
of patients with TRS (close to a net benefit of 0 related to treating no
one). Net benefit would be larger when using a risk threshold of
around 30% but would expose a larger number of patients to poten-
tial harms or burden of treatment. For further information on deci-
sion curve analyses, see Supplementary Appendices 4 and 9.

Sensitivity analyses

Asmentioned above, the diagnosis of schizophrenia or schizoaffective
disorder may not be possible at the baseline in all individuals with
FEP, hence a sensitivity analysis was conducted excluding these diag-
noses. Detailed results for the prediction model (referred to as model

2) after excluding an initial diagnosis of schizophrenia or schizo-
affective disorder are presented in Supplementary Appendix 3.

As expected, predictive performance for estimating risk of TRS
was lower than for the main model. Apparent discrimination
(C-statistic) prior to shrinkage was 0.666 (95% CI 0.661–0.671)
and 0.621 after adjustment for optimism. The model still calibrated
well, with the ratio of average expected (predicted) risk to average
observed risk close to 1, and calibration-in-the-large close
(−0.002419) after adjustment for optimism, indicating good agree-
ment between predicted and observed risks.

Sensitivity analysis was also undertaken to determine whether
the two models based on each data-set performed well in both
data-sets. Table 4 presents measures of discrimination for the two
models in each of the data-sets, showing similar apparent predictive
performance across the two patient samples. As expected, model 1
performs better than model 2 in both data-sets. Discrimination of
model 1 appears to be higher in the AESOP data-set (C-statistic
0.736 v. 0.718), whereas the reverse is true for model 2 (0.639 v.
0.698). The results for calibration (including the calibration plots
in Supplementary Appendix 3) indicate that both models may
slightly underestimate observed risk of TRS in the GAP data-set,
and slightly overestimate TRS risk in the AESOP.

As the development data utilised two data-sets, AESOP and
GAP, calibration plots were applied to each data-set to determine
how well the model fitted in each data-set. This sensitivity analysis
was undertaken to explore whether there was significant miscalibra-
tion in either of the data-sets. Examples (from imputation data-set
31, which was randomly selected) of calibration plots for AESOP
and GAP are shown in Figs 3 and 4.

Further calibration plots and decision curve plots are presented
Supplementary Appendices 8 and 9. Each file is named with the
imputation number for all data-sets, and separately for each
cohort (labelled as source_1 for GAP and source_2 for AESOP).
The calibration plots and decision curve plots are also presented
without a diagnosis of schizophrenia.

Qualitative findings on the clinical application of the
model

Eleven clinicians (six psychiatrists; five pharmacists) participated in
either a focus group (n = 2) or interview (n = 3). Six participants
were female (five male) with an average age of 47 years (range:
24–64 years) and average length of time in practice of 20 years
(range: 8 months to 40 years).

E/O = 1.000
CITL = 0.000
Slope = 1.000
AUC = 0.722
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Fig. 1 Calibration plot for model 1, including all predictors (based
on imputation data-set 31). E/O, expected/observed risk ratio; CITL,
calibration-in-the-large; AUC, area under the curve.
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Three main themes were identified from qualitative data: multi-
level challenges in identifying and managing TRS, benefits and bar-
riers of the predictionmodel, and clinical decision aid design prefer-
ences. Pseudonymised data are provided in Supplementary
Appendix 6 to evidence data interpretation, along with sub-themes.

Multi-level challenges in identifying and managing TRS

Common challenges were identified at patient (social stigma, treat-
ment burden, poor adherence), clinician (case complexity, accurate
history taking, administrative burden of treatment, making the case
for specific treatment), and service and policy levels (service cap-
acity, service availability, treatment guidelines). These challenges
established the context for discussion of the prediction model.

Benefits and barriers to using the prediction model

All participants recognised the prediction model as a relevant
resource with the potential to inform clinical decision-making
and case discussion. All members of a multidisciplinary team (i.e.
psychiatrists, pharmacists, nurses, care coordinators) were consid-
ered likely to benefit from access to the prediction model.
However, clinical challenges were identified as potential barriers
to implementation and performance of the prediction model,

such as the challenge of recording an accurate patient history and
confirming a diagnosis of schizophrenia.

Participants acknowledged the importance of using the risk
score in conjunction with other information to inform treatment
decisions (e.g. history of relapse, hospital admissions, social
factors). Participants maintained that treatment guidelines for
TRS needed to be adhered to in clinical practice and that a high-
risk score should not be perceived as approval to prescribe anti-
psychotic drugs, such as clozapine, off-label. There was a difference
in opinion about whether risk scores for TRS should be shared with
patients; concerns were raised about the score potentially posing a
barrier to communication, contributing to stigma and affecting atti-
tudes to treatment.

Clinical decision aid design preferences

Participants identified opportunities to inform design of a clinical
decision aid based on the model and support implementation.
Access to published evidence reporting the development and valid-
ation of the prediction model was expected by participants to dem-
onstrate robustness. Participants also requested a package of
training to guide appropriate use, inform interpretation of risk
scores and enable objective categorisation of risk – particularly as

Table 4 Measures of discrimination for model 1 and model 2 in each data-set

GAP (apparent performance)
GAP

(optimism adjusted)
AESOP-10
(apparent performance)

AESOP-10
(optimism adjusted)

Model 1 (including all seven predictors)
C-statistic 0.718 (95% CI 0.711 to 0.724) 0.685 0.736 (95% CI 0.730 to 0.742) 0.691
Calibration slope 0.980 (95% CI 0.942 to 1.018) 0.804 1.017 (95% CI 0.981 to 1.052) 0.779
Calibration-in-the-large −0.0432 −0.0452 0.040 0.030
Expected/observed 1.028 1.028 0.9745 0.981
Model 2 (excluding schizophrenia diagnosis)
C-statistic 0.698 (95% CI 0.691 to 0.705) 0.639 (95% CI 0.632 to 0.646)
Calibration slope
Calibration-in-the-large −0.036039 0.033334
Expected/observed 1.025 0.9771

GAP, Genetics and Psychosis cohort; AESOP-10, Aetiology and Ethnicity in Schizophrenia and Other Psychoses.
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Fig. 3 (a) An example calibration plot for the Genetics and Psychosis (GAP) study (from imputation data-set 31). (b) An example calibration plot
for the GAP study without schizophrenia diagnosis (from imputation data-set 31). E/O, expected/observed risk ratio; CITL, calibration-in-the-
large; AUC, area under the curve.
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the list of predictors were commonly presented in practice.
Participants advised that an online or mobile phone application
format of the fully developed and validated model and its interpret-
ation would help in clinical practice.

Discussion

We developed a prediction model for estimating the risk of TRS
based on seven readily available clinical predictors that are predom-
inantly routinely collected in people presenting with FEP. The
model performed promisingly in internal validation and had rea-
sonable ability to discriminate between participants with and
without TRS at 5- or 10-year follow-up (C-statistic 0.687 after
adjustment for optimism) and had good calibration (expected/
observed ratio: 0.999; calibration-in-the-large: 0.000584). The per-
formance of the SPIRIT prediction model is consistent with three
recently published studies45–47 that reported prediction models
for TRS and reported C-statistics of 0.59, 0.60 and 0.70 respectively.
Only one of these studies used prospective FEP-cohort data to
develop the prediction model.45 The other studies used routinely
recorded information from clinical notes from early intervention
in psychosis services47 and from electronic health records using
the Clinical Record Interactive Search (CRIS) system for retrieving
information on treatment resistance and its predictors.46 The latter
approach has limitations, including the use of clozapine as proxy for
the definition of themain outcome of treatment resistance, given the
long delays often associated with using clozapine after development
of treatment resistance.

Strengths

Our study used two well-defined cohorts with adequate sample size
for the model development approach, and defined treatment resist-
ance in terms of criteria required for clozapine use as well as non-
remission of psychosis based on a consensus definition.27 We fol-
lowed the PROGRESS framework for developing and testing the
model, prospectively published the protocol in open access15 and

reported using the TRIPOD checklist. We used a mixed-methods
design to incorporate also an exploration of acceptability and we
had robust patient and public involvement in all stages of research
(to enhance the potential for application of the model in clinical
practice) and in model development, which has not been reported
in other studies.

The qualitative methods used in the study add further methodo-
logical value and key data to inform the translation of prediction
models for psychosis into clinical practice. The sample size may
seem small and limited to two geographical regions in the UK,
which may limit transferability. However, the objective for the quali-
tative study was narrow, sampling specificity was limited to two NHS
trust settings and specific professionals, and dialogue during data col-
lection was strong (further enriched by focus group methods), thus
satisfying several dimensions of information power that guide the
sample size determination in qualitative studies.44

The decision threshold and concerns about clozapine

Consultation with clinicians showed that they preferred a high
threshold (indicative of at least 50% risk of TRS) for changing treat-
ment from routinely used antipsychotics, illustrating a reluctance to
prescribe clozapine. At this threshold the model would not have sig-
nificant net benefit, as it would correctly identify only a small number
of patients with TRS. The model would have clinical utility at a
threshold of 30% or lower. Further research on this issue is needed.

The decision threshold discussions with clinicians revealed that
the early use of clozapine is still considered a high-risk strategy and
probably highlights the need for better education and training about
the use of clozapine in early psychosis.48,49 Including a clinical deci-
sion tool in the decision process to start clozapine will require regu-
latory approvals and full impact analysis studies, such as cluster
RCTs, or large comparative observational studies. However, after
external validation, our clinical prediction model could inform the
stratification of patients at higher-than-average risk of developing
TRS. This will represent a significant advance in the current state
of clinical practice, where the use of clozapine is delayed for 5–10
years, and is likely to be a highly cost-effective strategy. In a
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Fig. 4 (a) An example calibration plot for the Aetiology and Ethnicity in Schizophrenia and Other Psychoses (AESOP) study (from imputation
data-set 31). (b) An example calibration plot for the AESOP study without schizophrenia diagnosis (from imputation data-set 31). E/O, expected/
observed risk ratio; CITL, calibration-in-the-large; AUC, area under the curve.
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modelling study, Jin et al (2019)50 used a hypothetical scenario to
estimate the benefit of such a prediction model. They showed that
using a prediction model (that hypothetically could allow the use
of clozapine after patients failed to respond to one antipsychotic
instead of the current standard of offering clozapine only after
failure of two antipsychotics) would result in an improvement of
0.10 quality-adjusted life years (QALYs). This could reduce
annual healthcare costs by £7363 per person. The analysis also sug-
gested that implementing a predictive model for this purpose would
be more cost-effective than treatment as usual even if it only accur-
ately identified 6% of treatment-resistant patients and 50% of non-
treatment-resistant patients. The closer monitoring of those at high
risk will also help to implement evidence-based psychological and
social interventions to enhance recovery.

Barriers to implementation of prediction models

The lack of implementation of prediction models in clinical practice
is recognised as a universal problem in psychiatry and a review of 89
studies identified only one implementation study.51–53 We limited
ourmodel to clinical predictors and explored the clinical application
of the model by involving patients, carers and clinicians, who high-
lighted the potential barriers in clinical translation of the prediction
model (Supplementary Appendix 6). The potential barriers
included confirming schizophrenia diagnosis, stigma in using the
term ‘TRS’ and lack of relevant training. All participants agreed
that the risk score from the model could be used in conjunction
with other information (e.g. history of relapse, hospital admissions,
social factors) to inform treatment decisions. Importantly they
highlighted the need for a package of training to guide appropriate
use, inform interpretation of risk scores and enable objective cat-
egorisation of risk. These barriers to implementation and the train-
ing requirements need to be addressed in future studies.

Limitations

Limitations of the study include the presence of missing data, lack of
external validation of the prediction model and limited assessment of
generalisability, as the participants recruited to the cohorts were pre-
dominantly from urban populations in a high-income country.
Participants in both cohorts were recruited prior to 2010 andmanage-
ment of FEP is likely to have changed since that time. It is imperative
that the model is externally validated in the newer cohorts. Also, the
model included only seven potential predictors. We aimed to have a
model that could predict the risk of TRS in routine clinical practice
and predictors were therefore limited to easily assessed clinical char-
acteristics. It was not possible to include well-known determinants of
outcome such as non-adherence to antipsychotic treatment and
initial response to antipsychotic treatment in this model as these pre-
dictors are not available at the time of initial assessment. A systematic
review showed that psychiatry prediction models encompassing bio-
markers or a large number of predictors (whichmay bemore prone to
overfitting issues) are not necessarily better.53 Similarly, a prediction
model based on polygenic risk score was of little use for early identi-
fication of TRS and not of clinical utility.54,55

Implications

We demonstrated that a prediction model based on a small number
of predominantly routinely collected clinical variables that can be
assessed in routine clinical practice can potentially inform the
identification of patients who are likely to develop TRS. We used
the NART37 to assess premorbid functioning and this instrument
is not used in routine clinical practice. However, clinical features
such as premorbid functioning are routinely assessed in clinical
history taking in early intervention in psychosis services56 and it

will be important to examine how the measurement of these vari-
ables based on clinical assessment alone affects the performance
of the prediction model in future studies. The clinicians showed
willingness to use the model but had a high threshold for changing
current clinical practice. Several steps are necessary before the
model can be considered for clinical use. These include testing of
the external validity of the prognostic model (regarding both 5-
and 10-year outcomes) to examine calibration across a range of set-
tings and regions, and further assessment of decision thresholds and
clinical utility at those thresholds. The response to treatment in
schizophrenia varies depending on the stage of illness57 and
future research may need to incorporate stage of illness into the
model, or test and potentially update the model for such patient
groups, incorporating, for example, response to initial treatment.
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