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Predicting treatment resistance from  
first-episode psychosis using routinely 
collected clinical information

Around a quarter of people who experience a first episode of psychosis (FEP) 
will develop treatment-resistant schizophrenia, but there are currently 
no established clinically useful methods to predict this from baseline. 
We aimed to explore the predictive potential for clozapine use as a proxy 
for treatment-resistant schizophrenia of routinely collected, objective 
biomedical predictors at FEP onset, and to validate the model externally in 
a separate clinical sample of people with FEP. We developed and externally 
validated a forced-entry logistic regression risk prediction model for 
clozapine treatment, or MOZART, to predict up to 8-year risk of clozapine 
use from FEP using routinely recorded information including age, sex, 
ethnicity, triglycerides, alkaline phosphatase levels and lymphocyte counts. 
We also produced a least-absolute shrinkage and selection operator (LASSO) 
based model, additionally including neutrophil count, smoking status, body 
mass index and random glucose levels. The models were developed using 
data from two United Kingdom (UK) psychosis early intervention services 
and externally validated in another UK early intervention service. Model 
performance was assessed by discrimination and calibration. We developed 
the models in 785 patients and validated them externally in 1,110 patients. 
Both models predicted clozapine use well during internal validation 
(MOZART: C statistic, 0.70 (95% confidence interval, 0.63–0.76); LASSO: 0.69 
(0.63–0.77)). At external validation, discrimination performance reduced 
(MOZART: 0.63 (0.58–0.69); LASSO: 0.64 (0.58–0.69)) but recovered after 
re-estimation of the lymphocyte predictor (0.67 (0.62–0.73)). Calibration 
plots showed good agreement between observed and predicted risk in the 
forced-entry model. We also present a decision-curve analysis and an online 
data visualization tool. The use of routinely collected clinical information 
including blood-based biomarkers taken at FEP onset can help to predict the 
individual risk of clozapine use, and should be considered equally alongside 
other potentially useful information such as symptom scores in large-scale 
efforts to predict psychiatric outcomes.
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In addition to limited clinical usefulness, most previous studies 
are limited by methodological difficulties or poor reporting prac-
tices, particularly a lack of assessment of model calibration, a lack 
of external validation to assess generalizability16,17, limited consid-
eration of sample size and the risk of overfitting, and the inclusion 
of variables that cannot be known at FEP onset, such as medication 
during follow-up15.

Blood biomarkers, which are objective, are commonly used to 
predict clinical outcomes in routinely used, large-scale, risk-prediction 
algorithms based on the general population18. Indeed, biomarkers 
and clinical measures commonly taken at FEP onset can help predict 
metabolic outcomes in patients with psychosis19. Furthermore, inflam-
matory and metabolic alterations are already evident in antipsychotic-
naïve patients with FEP, including impaired glucose tolerance, insulin 
resistance20, hypertriglyceridaemia21 and pro-inflammatory changes22. 
Biomarker alterations may additionally be associated with a more 
chronic psychiatric illness course2,23.

In this work, we aimed to predict clozapine use (as a proxy for TRS) 
up to eight years after FEP onset, using routinely collected, objective 
and measurable biomedical predictors at baseline, with the aim of 
producing the most parsimonious prediction model with the potential 
for clinical use. We used patient data from three UK early intervention 
in psychosis services (EIPs) to investigate the predictive potential of 

Schizophrenia spectrum disorders can have remarkably different life 
courses. Approximately half of people presenting with a first episode 
of psychosis (FEP) show good outcomes, such as remission1 or no need 
for long-term secondary care2. However, ~23–24% of patients with a FEP 
go on to develop treatment-resistant schizophrenia (TRS)3. TRS is typi-
cally defined as resistance to two antipsychotic treatments, each given 
at an adequate dose for at least 6 weeks, with evidence of medication 
adherence4. TRS is associated with reduced quality of life, substantial 
societal burden and up to tenfold higher healthcare costs5.

It is not currently possible to predict accurately whether someone 
with FEP will develop TRS. This is important because there is evidence 
that clozapine, the only treatment licensed for TRS6, is more effective 
the sooner it is prescribed7. Yet, in clinical practice there are often long 
delays before clozapine is considered8. This highlights the need to 
identify treatment resistance as soon as possible.

Risk prediction in psychosis is a flourishing field (Extended Data 
Fig. 1). However, existing studies have commonly included predictors 
that are not easy to deploy in routine clinical practice (for example, neu-
roimaging9 or genetic measures10); not routinely or reliably collected 
(for example, duration of untreated psychosis11, substance misuse12,13 
or premorbid functioning14); or not available at FEP onset (for exam-
ple, symptom patterns over time12,15). All these characteristics limit 
the potential clinical usefulness of existing efforts in TRS prediction.

Table 1 | Model comparisons including coefficients for development and external validation

Model type Model 
predictors of 
TRS

Coefficients 
after shrinkage 
for optimisma

Pooled 
development 
sample 
performance 
statisticsb

Shrinkage 
factor

Validation sample Calibration 
plots for 
external 
validation

Performance 
statisticsb

New 
coefficients 
after model 
recalibration/
revision

Performance 
after model 
recalibration/
revisionb

Forced-
entry model 
(MOZART)

Intercept −2.827381 C: 0.70 
(0.63–0.76)
Brier score: 
0.07

0.79 C: 0.63 
(0.58–0.69)
Brier score: 
0.08

Lymphocyte 
coefficient: 
–0.695404405
Intercept: 
–1.336220
Slope: 
1.0519963

C: 0.67 
(0.62–0.73)
Brier score: 
0.08

Fig. 2a,b

Sex 0.286466741

Age −0.036205346

Black/African-
Caribbean 
ethnicity

0.419614174

Asian ethnicity −0.144147329

Triglycerides 0.149214138

ALP 0.006713513

Lymphocyte 
count

0.131215526

LASSO-based 
model

Intercept −2.736365 C: 0.69 
(0.63–0.77)
Brier score: 
0.07

N/A C: 0.64 
(0.58–0.69)
Brier score: 
0.08

Lymphocyte 
coefficient: 
–0.03608036
Intercept: 
–2.706553
Slope: 
1.3102021

C: 0.64 
(0.58–0.69)
Brier score: 
0.08

Fig. 2c,d

Sex 0.13205

Age −0.248397

Black/African-
Caribbean 
ethnicity

0.304147

Asian ethnicity −0.002375

Triglycerides 0.139795

ALP 0.131153

Lymphocyte 
count

0.060623

Smoking status 0.057593

BMI −0.026467

Random 
plasma 
glucose

−0.027369

Neutrophil 
count

−0.012826

aThe coefficients are relative to non-scaled values for forced-entry models, and to scaled and centred values for the LASSO model. bC is the C value (95% CI; Methods).
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sociodemographic, lifestyle and biological data routinely recorded at 
FEP baseline. We aimed to follow best practice by including an external 
validation step to examine generalizability. We followed the Trans-
parent Reporting of a Multivariable Prediction Model for Individual 
Prognosis or Diagnosis (TRIPOD) guidelines (Supplementary Table 1).

Results
Development of a TRS prediction model
The coefficients for MOZART and for the LASSO model are presented 
in Table 1. Histograms of predicted outcome probabilities are provided 
as Extended Data Figs. 2 and 3. Univariable logistic regression coeffi-
cients (clozapine~predictor) are presented in Supplementary Table 2.

Internal validation
Measures of pooled internal validation performance of the models 
over 100 imputed datasets are shown in Table 1. The C statistic for the 
forced-entry model (MOZART) was 0.70 (95% confidence interval (CI): 
0.63–0.76), while that for the LASSO model was 0.69 (0.63–0.77). Cali-
bration plots showed good agreement between observed and expected 
risk at most predicted probabilities for both models, although the 
LASSO model showed slight overprediction of risk at lower predicted 
probabilities (Extended Data Figs. 4 and 5).

External validation
The external validation sample comprised 1,110 patients from the South 
London and Maudsley NHS Foundation Trust (SLaM) EIP (Table 1 and 
Fig. 1).

Applying the models developed in the joint development sample 
to the SLaM sample, the C statistic for MOZART was 0.63 (95% CI: 0.58–
0.69), while that for the LASSO model was 0.64 (0.58–0.69; Table 1).

The calibration plot for MOZART showed good agreement between 
observed and expected risk (Fig. 2a), while that for the LASSO model 
showed evidence of mild overprediction of risk at higher predicted 
probabilities and of slight overprediction for very low risk (Fig. 2c). 
In all models, the 95% CIs widened as predicted probabilities became 
higher, owing to lower numbers of participants.

External validation after model recalibration and revision
We applied logistic recalibration to both main models in the external 
validation sample. Additionally, the coefficient for lymphocyte count 

was selected for revision as the sign of the coefficient was reversed 
between the development and validation samples.

Table 1 shows that, after MOZART’s recalibration/revision, the 
C statistic was restored to values close to internal validation perfor-
mance (0.67 (95% CI: 0.62–0.73)). The same procedure performed on 
the LASSO model, however, did not produce any improvement on the 
original model performance statistics.

The calibration plots for both recalibrated models are shown 
in Fig. 2b,d. Both showed good agreement between observed and 
expected risk.

Decision curve analysis and data visualization tool
Decision curve analysis for MOZART (Fig. 3) suggests that at propensity-
to-intervene thresholds greater than 0.05 (revised model) or 0.06 
(original model), the models provided greater net benefit than the 
competing extremes of treating all patients or none. The recalibrated 
model provided higher net benefit at most, if not all, thresholds over 
0.05 than the original model.

Numerical decision curve analysis results (net benefit, standard-
ized net benefit, sensitivity and specificity) are shown in Supplemen-
tary Table 3 across a range of propensity-to-intervene thresholds. For 
example, if a low-risk intervention such as close monitoring for TRS was 
considered suitable above a propensity-to-intervene threshold of 0.10 
(>10% risk of clozapine use), the recalibrated model would provide a net 
benefit of 2% (95% CI: 1–4%), meaning that an additional 24% of patients 
could be closely monitored for the presence of TRS (standardized net 
benefit). However, for a potentially more invasive intervention such as 
starting clozapine treatment, at a propensity-to-intervene threshold 
of 0.50, the same model would provide no net benefit, owing to insuf-
ficient sensitivity.

We also developed an online data visualization tool for both the 
original and recalibrated MOZART models, which allows interactive 
exploration of the effect of each predictor and their combinations on 
the risk of clozapine use based on the predictors included in this study 
(https://eosimo.shinyapps.io/trs_app/).

Sensitivity analysis with iterative improvements
To examine the added benefit of selected demographic and biological 
predictors, we examined iterative improvements in the forced entry 
model. Model 1 (M1) included sex as the only predictor; M2 included 

All CAMEO patients enrolled between
1 January 2013 and 31 May 2021, 

excluding inappropriate referrals/did
not attend

N = 1,660

Labs 
available 

at 
baseline

Excluded 
participants with

>50% missing
predictors

N = 893

Yes
N = 677

EIS
duration

Excluded non-cases
with ElS duration

<24 months

N = 138

Analytic sample

N = 539

All Birmingham patients enrolled
between 1 January 2014 and
31 December 2018, excluding

inappropriate referrals/did not attend

N = 1,913

Labs
available at
baseline, 
and EIS
duration

Participants with 
>50% missing 
predictors and

non-cases
with EIS duration

<24 months

N = 1,667

Analytic sample

N = 246

Development sample Validation sample

All SLaM EIS patients enrolled
between 1 January 2012 and

20 November 2021, excluding
inappropriate referrals/did not attend

N = 3,144

Labs 
available 

at 
baseline

Excluded 
participants with 

>50% missing 
predictors

N = 1,611

Yes
N = 1,533

EIS
duration

Excluded non-cases
with ElS duration

<24 months

N = 423

Analytic sample

N = 1,110

Fig. 1 | Patient selection flow charts, by cohort. The flow charts describe the application of inclusion and exclusion criteria for each cohort, starting from the 
sampling frames, and up to the analytic samples.
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all demographics; M3 included demographics plus triglyceride levels; 
M4 additionally included ALP. The internal coefficients and shrink-
age factors for each model are presented in Supplementary Table 4. 
The C statistic increased from 0.56 (95% CI: 0.50–0.62) for M1 to 0.69 
(0.62–0.76) for M4. Calibration plots showed good agreement between 
observed and expected risk at most predicted probabilities for M3 and 
M4 (shown, alongside histograms of predicted outcome probabilities, 
in Extended Data Figs. 6–9).

Discussion
We examined the predictive potential of routinely collected soci-
odemographic, lifestyle and clinical information, obtained at the 
start of a FEP, for the risk of clozapine use, as a proxy for developing 
TRS. We developed two models: MOZART, based on forced-entry 
logistic regression, and another based on LASSO for coefficient 
generation and shrinkage. The two models performed adequately 
in both internal and external validation. MOZART performed better 
than LASSO in external validation, and its performance improved 
following recalibration/revision.

Decision curve analysis revealed that MOZART shows clinical 
utility at lower propensity-to-intervene thresholds, such as 10–20%. 
This model cannot yet be recommended for clinical use and requires 
prospective validation in larger samples, health technology assess-
ment and regulatory approval. However, in future our model could 
allow implementation of low-risk strategies, for example, stratify-
ing patients at higher risk of developing antipsychotic resistance for 
closer monitoring of TRS. These strategies have very low risk of causing 

harm and might show potential for earlier recognition and treatment 
of TRS. Clozapine is more effective when given soon after treatment 
resistance is established, although in clinical practice there are long 
delays to starting it7,8; therefore, starting treatment early might show 
potential in reducing symptoms and improving quality of life in people 
with unrecognized TRS. However, given the higher risk and licensing 
conditions of clozapine, and the lower sensitivity of the model at higher 
risk thresholds, this model alone will not be useful for initiating higher 
risk interventions, such as starting clozapine.

In the future, inclusion of genetic risk scores and other predictors 
might make clozapine prediction models more accurate, and therefore 
more clinically useful. Two existing studies found that polygenic risk 
scores for schizophrenia did not produce significant increases in pre-
dictive power of a model for TRS24,25. However, the publication since 
then of larger genome-wide association studies (GWAS) for schizo-
phrenia26 and of a specific TRS GWAS27 will likely make the approach 
more powerful.

MOZART extends existing research by using only seven common 
predictors available at FEP baseline; by including an external validation 
analysis, a crucial step to demonstrate generalizability; and by follow-
ing best practice guidelines28,29.

We show that simple blood-based biomarkers measured at the 
onset of psychosis can explain part of the variance of the risk of clo-
zapine use, as demonstrated by the increased C statistic for the incre-
mental model including biomarkers. This suggests that the variance 
of a psychiatric phenotype (development of TRS) may be explained, at 
least in part, by inflammatory, fat and liver biomarkers.
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Fig. 2 | Calibration plots for the main models based on the external validation 
sample. a–d, Model calibration is the extent to which outcomes predicted by 
the model are similar to those observed in the validation dataset. Calibration 
plots illustrate agreement between the observed proportion of participants 
developing TRS (y axis) and predicted risk of TRS (x axis). Perfect agreement 
would trace the red line. Model calibration is shown by the continuous black line. 
Triangles denote grouped observations for participants at deciles of predicted 

risk, with 95% CIs indicated by the vertical black lines. Axes range between 0  
and 0.4 because very few individuals received predicted probabilities greater 
than 0.3. a,b, Calibration plots based on the external validation sample for the 
forced-entry model (MOZART) before (a) and after (b) recalibration/revision.  
c,d, External validation calibration plots for the LASSO model before (c) and after 
(d) recalibration/revision. N = 1,110 participants in external validation sample.
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Previous studies using regression-based methods have shown 
that elevated triglycerides are associated with a worse psychiatric 
clinical outcome in psychosis at the group level2,23. We extend these 
findings by showing that elevated triglycerides at the individual level 
could aid in TRS prediction. We included ALP owing to the increasing 
importance that liver dysfunction is thought to play in the psychosis 
spectrum30. In particular, elevated ALP might relate to the primary 
dysglycaemic and dysmetabolic phenotype of FEP20,31,32, or it might be 
its consequence (hyperlipidaemia leading to non-alcoholic fatty liver 
disease33, a phenotype that has been found in FEP30). Elevated ALP may 
also capture some of the variance of substance use in a more objective 
manner than self-reporting34,35.

As a proxy of inflammation we selected lymphocyte count as pre-
dictor, because the data is widely available across samples. In a previ-
ous analysis of mostly White participants with FEP, lymphocytes were 
associated with a worse psychiatric outcome2. However, cross-sectional 
studies have not found lymphocyte elevations in FEP36,37, and a recent 
Mendelian randomization study did not find evidence for a causal 
association with schizophrenia38, potentially discounting the likelihood 
of a causal association of elevated lymphocytes with schizophrenia. 
Further, we found that the drop in discrimination performance for the 
forced-entry model from internal to external validation was mostly 
due to differences in the lymphocyte predictor, with the sign of the 
coefficient switching direction between samples. In model updating, 
the C statistic could be partially preserved by updating the coefficient 
for lymphocytes. This might be explained by the different ethnic mix 
between the development sample (mainly White) and the external 
validation sample (mainly Black). It is known that inflammatory mark-
ers, including lymphocytes, show different distributions in different 
ethnic groups39,40. This might encourage repetition of the analysis using 
different inflammatory markers, such as C-reactive protein (CRP), in 
future research. We could not include CRP, because it was most often 
sampled in the included cohorts when there was suspicion of infection; 
therefore, data were only available for a small subset and likely showed 
strong selection bias.

The use of longitudinal EIP cohort data is the main strength of 
this study. Enrolment into an EIP fosters confidence in the psychiatric 
phenotype of included participants and into the naturalistic nature 
of the sample including many consecutive referrals with little pos-
sibility of selection bias from the sampling frame. Most EIPs in the 
UK NHS (National Health Service), including all three in this analysis, 
are the only treatment providers for FEP in each geographical area, 
thus covering a large proportion of all incident cases of FEP. Specifi-
cally, the Cambridgeshire and Peterborough Assessing, Managing 
and Enhancing Outcomes (CAMEO) EIP, used to develop our model, 
accepts people presenting with confirmed psychotic symptoms from 
any cause, including drug-induced psychoses and affective psychoses 
(including International Classification of Diseases (ICD)-10 codes 
F06.0-2, F20-F31, F32.3, F33.3 and F53.1). Therefore, MOZART is shown 
to work in real-life samples of FEP, which predisposes the results to be 
more clinically applicable (that is, to any patient presenting with a FEP). 
Because this study is based on real-life patient data from electronic 
health records (EHRs) from different regions, we were unable to address 
potential secular and regional trends in monitoring, laboratory testing 
and prescribing practice that could have biased results. However, using 
completely separate development and validation samples is required to 
adhere to best prediction modelling practice, which requires external 
validation on separate participants to avoid ‘high risk of bias’29.

Among the limitations of this study, we used clozapine treat-
ment—a proxy measure for TRS—as the outcome, as in several previ-
ous studies14. Prevalence of clozapine use in our samples was lower 
than the expected prevalence of 13% (see calculation in Methods). 
In the UK, clozapine should be offered to all patients with TRS41. 
However, a recent national audit showed that only 52% of patients 
with FEP who have not responded adequately to at least two antip-
sychotics are offered clozapine42. Furthermore, EIPs accept patients 
with psychotic symptoms from any cause, thus including bipolar 
and unipolar mood disorders; this diagnostically inclusive nature of 
our FEP cohort might partially explain the relatively low rate of TRS. 
However, while our outcome definition may have a reduced sensi-
tivity for capturing treatment resistance, the specificity is likely to 
be high. Indeed, the UK National Institute for Health and Care Excel-
lence (NICE) guidance is that prescription of clozapine is reserved 
for those with schizophrenia in whom two trials of antipsychotics 
have failed43, and the only UK indication for clozapine other than 
TRS is Parkinson’s disease, which would be extremely rare in FEP 
cohorts only including adults up to 65 (mean age of 28 years; Table 2).  
Further, the literature suggests that clozapine in the UK is used ‘off 
label’ for treating refractory mania, psychotic depression, aggression 
in psychotic patients, the reduction of tardive dyskinesia symptoms 
and borderline personality disorder44, therefore the presence of such 
diagnoses among the cases cannot be excluded, and is a limitation of 
this study. However, a UK-based systematic investigation of off-label 
antipsychotic use in secondary care established that clozapine is the 
least likely to be used outside its approved indications, with only 1 
of 46 patients (~2%) in the study using it off label45, which might be 
a consequence of the very strict regulations in place for clozapine 
use. Another UK-based study of TRS, including 14,299 patients, both 
inpatient and community-based, undergoing mandatory clozapine 
blood-monitoring, found 56 off-label clozapine prescriptions (0.4%)46. 
While these studies included any patient on antipsychotics, our cohorts 
are based on UK EIP teams, which only accept young patients with a 
FEP, and therefore it is likely that off-label clozapine use in this group 
is even rarer. Further, not all cohorts could provide information about 
time of clozapine initiation, and therefore time-to-event analysis could 
not be performed. Moreover, follow-up data were available for up to 
eight years following a FEP. This means that we might not have been 
able to capture ‘late onset’ TRS, which might develop after a number 
of relapses and over a number of years47; this might also help to explain 
the relatively low clozapine rate in our samples.
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Fig. 3 | Decision curve analysis plot for forced-entry original and recalibrated 
models. The plot reports the net benefit (y axis) of the forced-entry (MOZART) 
original and recalibrated models across a range of propensity-to-intervene 
thresholds (x axis), compared with intervening in all patients and intervening 
in no patients. The dashed red vertical lines represent the two thresholds we 
selected a priori to study the potential clinical value of low-risk (for example, 
monitoring) and high-risk (for example, starting clozapine) interventions.
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Predictor availability was limited to those markers that were avail-
able in all three study cohorts. No cohort included a symptom or sever-
ity measure, such as the Positive and Negative Syndrome Scale (PANSS); 
we could therefore not include symptoms at baseline as a predictor. 

The number of predictors that we could include was also limited by our 
sample size, although we took particular care in predictor selection 
and this may have helped to prevent model overfitting28,48. It must be 
pointed out that this work did not aim to make any assumptions about 
whether the included predictors might be causal to TRS: variables were 
selected if they were known to be associated – that is, likely capturing 
part of the outcome’s variance.

A further limitation of this work is the potential for the inclusion 
of patients already taking antipsychotic medication at baseline. Antip-
sychotics could influence the levels of the biomarkers. However, most 
patients admitted to an EIP are medication naïve or minimally treated. 
Bloods tests were only used for prediction if performed within 100 
days of referral to the EIP; it is likely that some patients were started 
on antipsychotic medication during this time, though the duration of 
treatment is likely to have been relatively short. However, participants 
were excluded if the outcome (starting clozapine) predated baseline 
blood collection.

Conclusions
In conclusion, we report that, based on three large samples of patients, 
routinely recorded demographics and biomarkers measured at presen-
tation with a FEP could be useful in the individualized prediction of the 
risk of clozapine use (as a proxy for developing TRS) up to eight years 
later. Subject to further external validation and regulatory approval, 
MOZART appears useful at predicting the risk of TRS at lower propen-
sity-to-intervene thresholds, thus potentially allowing implementation 
of low-risk strategies such as closer psychiatric monitoring for TRS 
in at-risk populations. This could potentially speed up the time from 
FEP onset to clozapine start, thus reducing delays in TRS recognition 
and treatment, and consequently reducing suffering and improving 
quality of life.

We suggest that future efforts in TRS risk prediction should seek 
to consider such routinely collected data. Doing so may improve both 
model predictive performance and likely clinical usefulness, both of 
which are crucial for the future routine deployment of a risk prediction 
model into clinical practice.

Methods
Model development
We used a forced-entry logistic regression model as the most parsimo-
nious way to predict a binary outcome (such as clozapine use) from a 
small number of predictors. However, to explore whether additional 
predictors may improve performance in a manner that reduces risk of 
overfitting, we also used a LASSO-based selection model, which has the 
benefit of independently shrinking the predictors’ coefficients up to 
excluding them, and can be more robust to a slightly larger number 
of predictors.

Data from 785 patients were included in the pooled development 
sample: 539 from CAMEO and 246 from the Birmingham EIP (Table 2), 
following EHR searches and application of inclusion and exclusion 
criteria (Fig. 1, and a description of the included and excluded samples 
in Supplementary Table 5). Included patients had a mean age of 28.2 
years, an average BMI of 25, and were 66% White and 41% smokers.  
In the pooled development sample, 58 (7.4%) patients were treated 
with clozapine.

Ethical approval
All research complied with relevant ethical regulations and under-
went the local approval process in each of the three cohorts. CAMEO 
data were identified by anonymously searching for all EIP patients 
using the Cambridgeshire and Peterborough NHS Foundation Trust 
(CPFT) Research Database49—approved under UK NHS Research Eth-
ics Service references 12/EE/0407, 17/EE/0442. Anonymized data for 
all patients enrolled in the Birmingham EIP were collected as part 
of the National Clinical Audit of Psychosis Quality Improvement 

Table 2 | Predictor comparisons between samples used in 
model development and internal/external validation

Development External 
validation

Predictor CAMEO EIP Birmingham 
EIP

Pooled 
development 
sample

SLaM EIP 
validation 
sample

Final 
included 
sample 
size, N

539 246 785 1,110

Male sex, 
N (%)

328 (60.9%) 146 (59.3%) 474 (60.4%) 692 (62.3%)

Age (years), 
mean (s.d.)

30.23 (12.00) 23.86 (4.87) 28.24 (10.73) 28.82 (9.94)

Age (years), 
min, max

14, 65 15, 37 14, 65 17.5, 64

White or 
unrecorded 
ethnicity, 
N (%)

449 (83.3%) 70 (28.4%) 519 (66.1%) 378 (34.0%)

Black or 
African-
Caribbean 
ethnicity, 
N (%)

21 (3.9%) 57 (23.2%) 78 (9.9%) 507 (45.7%)

Asian 
ethnicity, 
N (%)

69 (12.8%) 119 (48.4%) 188 (23.9%) 225 (20.3%)

Triglycerides 
(mmol l–1), 
mean (s.d.)

1.42 (1.07) 1.55 (1.30) 1.46 (1.15) 1.25 (0.96)

ALP (U l–1), 
mean (s.d.)

78.58 (25.55) 82.67 (25.78) 79.86 (25.68) 75.03 (22.01)

Lymphocyte 
count 
(billion l–1), 
mean (s.d.)

1.91 (0.69) 2.22 (0.79) 2.01 (0.74) 1.98 (0.64)

Smoking, 
N (%)

201 (37.3%) 124 (50.4%) 325 (41.4%) 468 (42.2%)

BMI (kg m–2), 
mean (s.d.)

24.68 (6.65) 25.74 (5.78) 25.01 (6.41) 24.07 (5.58)

Random 
plasma 
glucose 
(mmol l–1), 
mean (s.d.)

5.25 (1.73) 4.87 (1.28) 5.13 (1.61) 5.11 (1.80)

Neutrophil 
count 
(billion l–1), 
mean (s.d.)

4.60 (2.00) 4.14 (2.06) 4.46 (2.03) 4.01 (1.98)

Follow-up 
time (years), 
mean (s.d.)

4.45 (1.57) 3.55 (0.58) 4.17 (1.40) 4.41 (1.76)

Follow-up 
time (years), 
min, max

0.58a, 8.50 2.67, 4.58 0.75a, 8.75

TRS at 
follow-up, 
N (%)

35 (6.5%) 23 (9.3%) 58 (7.4%) 102 (9.2%)

aParticipants were required to have at least 2 years of follow-up, with the exception of 
TRS cases.
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Programme, and were enhanced locally with biomarker data; the 
work conformed to the Health Research Authority definition of ser-
vice evaluation (confirmed by Birmingham Women’s and Children’s 
Hospital NHS Foundation Trust). The Clinical Records Interactive 
Search (CRIS) resource was used to capture anonymized data from 
SLaM EIP—approved under UK NHS Research Ethics Service refer-
ences 18/SC/0372 and 08/H0606/71+5; National Institute for Health 
Research (NIHR) Biomedical Research Centre (BRC) CRIS Oversight 
Committee reference 20-005.

Samples
EIP currently represents the gold standard of care for people present-
ing with a FEP50. EIPs are built around a specialized, multidisciplinary 
team, which can deliver both pharmacological and psychological 
interventions, family and social support, support with employment 
and physical healthcare checks for up to five years after patients are 
diagnosed with a FEP. This model of care has been shown to be highly 
effective1, and, given the longitudinal follow-up by a highly special-
ized team, to guarantee a high degree of confidence that enrolled 
patients suffer from a FEP, including the first manifestations of both 
primary psychotic conditions such as schizophrenia and schizoaf-
fective disorders, and psychotic mood disorders such as psychotic 
depression or mania.

Model development sample. We developed a risk prediction model 
using pooled longitudinal data from patients enrolled in the CAMEO 
psychosis EIP, searching for patients enrolled between 1 January 2013 
and 31 May 2021 (sampling frame n = 1,660), or the Birmingham EIP, 
searching for patients enrolled between 1 January 2014 and 31 Decem-
ber 2018 (sampling frame n = 391). This was selected as the develop-
ment sample for the present study as CAMEO data were recently used 
to examine group-level associations between mean biomarker levels 
and psychiatric outcomes2.

Predictors were assessed within 100 days of patient EIP enrolment. 
We excluded any participant who had missing data on more than 50% of 
predictor variables, and non-cases (patients who did not use clozapine) 
who had less than two years of follow-up to reduce the probability of 
including future TRS cases as non-cases. Further details on missing data 
management can be found in the Supplementary Notes. All patients 
who developed TRS were included regardless of duration of follow-up. 
As predictors must predate outcomes, we also excluded all cases where 
the outcome start date (clozapine treatment start date) predated the 
earliest available baseline bloods in the CAMEO cohort (and in the 
SLaM cohort, see the Model external validation sample section), or 
participants who started taking clozapine within 100 days of baseline 
in the Birmingham cohort. Patients were excluded if they died or moved 
out of the Trust’s catchment area during follow-up.

Model external validation sample. We used the CRIS resource to 
capture anonymized data from SLaM. Our sampling frame included 
3,012 EIP patients, all those enrolled between 1 January 2012 and  
20 November 2021. Patients were excluded and predictors and  
outcomes were assessed as for the development sample.

Outcome
Owing to data availability, we adopted a pragmatic definition of TRS: 
patients were defined as having TRS if they had been treated with 
clozapine at any point during the follow-up period. Clozapine is the 
only clinically approved treatment for TRS in the UK, and provides 
an objective, easily quantifiable measure of TRS41. We calculated an 
expected prevalence of clozapine use of 13%. This was calculated as 
follows: starting from a population prevalence of 23%3,14,51, we expected 
to capture mostly ‘early onset’ cases, which represent ~84% of cases11. 
From previous literature, clozapine is given in ~68% of TRS cases11,  
so the expected prevalence was 0.23 × 0.84 × 0.68 = 0.13.

Predictor variables
Routinely used clinical predictors were included based on a balance 
of clinical knowledge, existing research and likely clinical usefulness. 
Demographic variables were considered if they had shown evidence of 
potential predictive ability for TRS in existing prognosis research16,24. Bio-
markers and clinical measures were considered if they showed evidence 
from past longitudinal association studies of biological measures at FEP 
using long-term clinical outcomes2,23. Predictors were only included if 
they were part of the suite of measurements that should be collected 
at baseline as part of local or national guidelines, to avoid ascertain-
ment bias. We did not include variables that may only be recorded in 
specific circumstances, such as CRP, which may only be recorded when 
an infection is suspected. All predictors needed to be available in all 
three EIP samples. Therefore, we considered the following parameters, 
measured within 100 days of EIP start: sex (female or male); age (years); 
ethnicity (categorical: White European or not recorded (reference), 
Black or African-Caribbean, Asian, or other); triglyceride concentration 
(mmol l–1); lymphocyte and neutrophil blood cell counts (billion l–1); ALP 
levels (units l–1), smoking status (binary, at least one cigarette on average 
daily); BMI (kg m–2); and random glucose levels (mmol l–1).

See Supplementary Notes for full rationale and details of data 
extraction.

Statistical analysis
All data analyses were conducted in R (v. 4.2.1)52. We performed sample 
size calculations using the R package pmsampsize (v. 1.1.2)53; for details 
on sample size calculations, please see the Supplementary Notes. For 
data imputation we used the MICE package (v. 3.14)54. For logistic mod-
elling we used base R and the pROC package (v. 1.18)55. For calibration 
plots we used the CalibrationCurves package (v. 0.1.5)56. For LASSO 
model development, we used the MAMI package (v. 0.9.13)57. Finally, 
for coefficient shrinking we used the psfmi package (v. 1.0)58.

Primary analysis. We performed sample size calculations using the 
R package pmsampsize48,53. The sample size required was estimated 
from the estimated outcome prevalence, the a priori estimated R2 of 
the model, and the estimated required model shrinkage. For 11 pre-
dictors, the minimum sample required was 412. We did not consider 
non-linear terms or interactions to reduce the risk of overfitting. See 
Supplementary Notes for detailed sample size calculations.

We used multiple imputation using chained equations for missing 
data and pooled estimates using Rubin’s rules (see Supplementary 
Notes for details about predictor missingness). Internal validation 
involved bootstrap resampling (500 bootstraps) to obtain an estimate 
of the corrected calibration slope. The resulting pooled, corrected  
C slope was then used as a shrinkage factor for our coefficients. After 
this step, predictive performance was assessed.

We developed the risk calculator using two alternative model 
selection methods:

 1. A forced-entry logistic regression model, including all soci-
odemographic and three biological predictors (one lipid, one 
inflammatory and one liver marker), based on a balance of clini-
cal knowledge, past research and likely clinical usefulness.

 2. A LASSO-based selection model, after predictor scaling and 
centring, including all 11 pre-selected sociodemographic, 
lifestyle and biological predictors. The inclusion of additional 
variables was enabled by LASSO including a predictor selection 
step, and by its more efficient coefficient shrinkage, leading 
to less risk of model overfit59. For the LASSO model we used 
100-fold cross-validation to tune the penalty parameter in the 
development sample as implemented in glmnet60.

Both methods involved variable pre-selection, after ruling out 
predictor multi-collinearity to minimize risk of overfitting, as is recom-
mended for smaller datasets61.
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The models were applied to the external validation sample. The 
distribution of predicted outcome probabilities was inspected using 
histograms.

Model performance was assessed primarily with measures of 
discrimination (the ability of the model to distinguish participants 
with the outcome from those without), such as the C statistic, and 
calibration (the extent to which the outcome probabilities predicted 
by the model in specified risk-defined subgroups are similar to those 
observed in the validation dataset), assessed by inspection of calibra-
tion plots (presented as figures, e.g. Fig. 2).

The discrimination of the models was assessed using the C statistic. 
For binary outcomes, this is equivalent to the area under the receiver 
operating characteristic curve61, which plots sensitivity against 1 minus 
specificity. The C statistic normally ranges from 0.5 to 1, with a value of 
1 representing perfect discrimination and a value of 0.5 representing 
discrimination no better than chance. C statistics were determined 
in relation to the observed binary outcomes (subsequent clozapine 
use or not).

We also recorded calibration intercepts (ideally close to 0) and 
Brier scores (an overall measure of model performance, ideally close 
to 0, with scores >0.25 generally indicating a poor model). For further 
details of our prediction methods, see ref. 19.

Model recalibration/revision. Additionally, where performance at 
external validation differed from internal validation performance, 
we considered two recalibration approaches. First, we considered 
logistic recalibration. This method is used where the coefficients of 
the original model may have been over-fitted, affecting calibration 
performance. Logistic recalibration assumes similar relative effects 
of the predictors, but allows for a larger or smaller absolute effect of 
the predictors62. Further details are in Supplementary Notes. Second, 
where there was evidence of a clear difference in the association of a 
predictor with clozapine use between the development and validation 
samples, we considered logistic recalibration plus revising a single 
predictor in the model. We limited this model revision approach to a 
maximum of one model predictor, to preserve as much of the character 
of an external validation analysis as possible, though we note that all 
recalibrated/revised models will require a further external validation 
in an additional unseen sample.

Decision curve analysis. Decision curve analysis was performed to 
assess potential clinical benefit63. Clinical net benefit of the predic-
tion model is calculated against offering an intervention to all or no 
patients. This can be calculated at a range of propensity-to-intervene 
thresholds. Net benefit is defined as the minimum probability of clo-
zapine use at which the intervention would be warranted, as net benefit 
= sensitivity × prevalence – (1 – specificity) × (1 – prevalence) × w, where 
w is the odds at the propensity-to-intervene threshold64. In decision 
curve analysis, it is usual to only consider the range of propensity-to-
intervene thresholds that may be clinically relevant; these depend on 
how risky the intervention being offered might be.

For starting clozapine, we selected a priori a propensity-to-
intervene threshold of 0.50, representing a greater than 50% risk of 
developing TRS. We believe that such a threshold would represent a 
good balance between the potential positives of early clozapine ini-
tiation and relatively rare risks of clozapine. We also selected a lower 
propensity-to-intervene threshold of 0.10 (>10% risk of developing 
TRS) for defining a ‘TRS-at risk population’ who may be eligible for 
close monitoring.

The decision curve plot is presented as Fig. 3, to visualize the net 
benefit of both model versions (forced-entry original and recalibrated) 
over varying propensity-to-intervene thresholds compared with treat-
ing all patients or no-one. Classical decision theory proposes that at a 
chosen propensity-to-intervene threshold, the choice with the greatest 
net benefit should be preferred63.

Sensitivity analysis. To examine the added benefit of selected demo-
graphic and biological predictors, we examined iterative improve-
ments of the model. The first model included only a single demographic 
predictor, sex; the second added all demographics; the third included 
all demographics plus a single biological predictor (triglycerides); the 
last model included all the above plus a second biological predictor 
(ALP). We did not externally validate the incremental models.

Visual representation of the model
We developed an online data visualization tool using shiny for R65, 
allowing interactive exploration of the effect of sociodemographic, 
lifestyle, and clinical variables and their combinations on TRS risk in 
people with FEP. The tool is not yet suitable for clinical use.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The source data for this work is anonymized patient records from 
three UK NHS Trusts: the CPFT Research Database, SLaM CRIS and the 
Birmingham EIP. Data from these Trusts are only available to clinicians 
and clinical researchers with clinical contracts with the Trusts. The data 
are securely held on clinical systems and available following ethical 
approval to preserve patient confidentiality. Therefore, the raw data 
cannot be shared. However, we developed an online data visualization 
tool (https://eosimo.shinyapps.io/trs_app/) for both the original and 
recalibrated MOZART models, which allows interactive exploration 
of the effect of each predictor and their combinations on the risk of 
clozapine use based on the predictors included in this study.

Code availability
R code for data extraction and analysis is available upon request to the 
corresponding author.
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Extended Data Fig. 1 | PubMed results for ‘risk AND prediction AND psychosis’ by year. Generated with PubMed by Year. Available from http://esperr.github.io/
pubmed-by-year/.
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Extended Data Fig. 2 | Internal validation: distribution of predicted probabilities for MOZART. X axis: predicted probability.
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Extended Data Fig. 3 | Internal validation: distribution of predicted probabilities for the LASSO model. X axis: predicted probability.
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Extended Data Fig. 4 | Internal validation: calibration plot for MOZART. 
Model calibration is the extent to which outcomes predicted by the model are 
similar to those observed in the validation dataset. Calibration plots illustrate 
agreement between observed proportion (y axis) and predicted risk (x axis). 
Perfect agreement would trace the red line. Model calibration is shown by  

the continuous black line. Triangles denote grouped observations for 
participants at deciles of predicted risk, with 95% CIs indicated by the vertical 
black lines. Axes range between 0 and 0.3 since very few individuals received 
predicted probabilities greater than 0.3. N=785 participants in pooled 
development sample.
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Extended Data Fig. 5 | Internal validation: calibration plot for the LASSO 
model. Model calibration is the extent to which outcomes predicted by the 
model are similar to those observed in the validation dataset. Calibration plots 
illustrate agreement between observed proportion (y axis) and predicted 
risk (x axis). Perfect agreement would trace the red line. Model calibration is 

shown by the continuous black line. Triangles denote grouped observations 
for participants at deciles of predicted risk, with 95% CIs indicated by the 
vertical black lines. Axes range between 0 and 0.3 since very few individuals 
received predicted probabilities greater than 0.3. N=785 participants in pooled 
development sample.
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Extended Data Fig. 6 | Internal validation: distribution of predicted probabilities for M3. X axis: predicted probability.
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Extended Data Fig. 7 | Internal validation: calibration plot for M3. Calibration 
plots illustrate agreement between observed proportion (y axis) and predicted 
risk (x axis). Perfect agreement would trace the red line. Model calibration is 
shown by the continuous black line. Triangles denote grouped observations 

for participants at deciles of predicted risk, with 95% CIs indicated by the 
vertical black lines. Axes range between 0 and 0.3 since very few individuals 
received predicted probabilities greater than 0.3. N=785 participants in pooled 
development sample.
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Extended Data Fig. 8 | Internal validation: distribution of predicted probabilities for M4. X axis: predicted probability.
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Extended Data Fig. 9 | Internal validation: calibration plot for M4. Calibration 
plots illustrate agreement between observed proportion (y axis) and predicted 
risk (x axis). Perfect agreement would trace the red line. Model calibration is 
shown by the continuous black line. Triangles denote grouped observations 

for participants at deciles of predicted risk, with 95% CIs indicated by the 
vertical black lines. Axes range between 0 and 0.3 since very few individuals 
received predicted probabilities greater than 0.3. N=785 participants in pooled 
development sample.
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