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ARTICLE INFO ABSTRACT

Keywords: Background: Prediction of treatment resistance in schizophrenia (TRS) would be helpful to reduce the duration of
Psychotic disorders ineffective treatment and avoid delays in clozapine initiation. We applied machine learning to identify clinical,
Treatment response sociodemographic, familial, and environmental variables that are associated with TRS and could potentially
Cloza?pl.ne predict TRS in the future.

Prediction

Study design: Baseline and follow-up data on trait(-like) variables from the Genetic Risk and Outcome of Psychosis
(GROUP) study were used. For the main analysis, we selected patients with non-affective psychotic disorders
who met TRS (n = 200) or antipsychotic-responsive criteria (n = 423) throughout the study. For a sensitivity
analysis, we only selected patients who met TRS (n = 76) or antipsychotic-responsive criteria (n = 123) at follow-
up but not at baseline. Random forest models were trained to predict TRS in both datasets. SHapley Additive
exPlanation values were used to examine the variables' contributions to the prediction.

Study results: Premorbid functioning, age at onset, and educational degree were most consistently associated with
TRS across both analyses. Marital status, current household, intelligence quotient, number of moves, and family
loading score for substance abuse also consistently contributed to the prediction of TRS in the main or sensitivity
analysis. The diagnostic performance of our models was modest (area under the curve: 0.66-0.69).
Conclusions: We demonstrate that various clinical, sociodemographic, familial, and environmental variables are
associated with TRS. Our models only showed modest performance in predicting TRS. Prospective large multi-
centre studies are needed to validate our findings and investigate whether the model's performance can be
improved by adding data from different modalities.

Precision medicine

1. Introduction (Yoshimura et al., 2017), robust and reliable models, that can predict

non-response to antipsychotics are highly needed. Such models could

In many countries, clozapine is the only approved antipsychotic for support clinical decision-making, reduce the duration of ineffective

treatment-resistant schizophrenia (TRS) (Howes et al., 2017). As delays pharmacological treatment and help identify patients who would likely
in clozapine treatment are associated with poorer clinical outcomes benefit from clozapine.
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Multiple observational studies identified predictors of TRS, such as
younger age at onset of psychosis (Chan et al., 2014; Demjaha et al.,
2017; Kim et al., 2017; Lally et al., 2016; Meltzer et al., 1997; Wimberley
et al., 2016a), longer duration of untreated psychosis (DUP) (Demjaha
et al., 2017), lower educational level (Wimberley et al., 2016a), worse
premorbid functioning (Chan et al., 2014, 2021), male sex (Lally et al.,
2016; Meltzer et al., 1997), season of birth (Kim et al., 2017; Sgrensen
et al., 2014), and lower levels of urbanicity (Wimberley et al., 2016b).
Contrary to the methods used in these studies, machine learning (ML)
algorithms can handle large multivariate datasets with complex non-
linear associations between variables.

Several studies used clinical, sociodemographic, and/or genetic data
to predict TRS in schizophrenia by use of ML or survival models
(Ajnakina et al., 2020; Kadra-Scalzo et al., 2022; Legge et al., 2020;
Smart et al., 2022). Similar to observational studies, they reported that
age at illness onset is important for the prediction of TRS. In addition,
poor social adjustment and low pre-morbid intelligence quotient (IQ)
were relevant predictors for TRS (Legge et al., 2020). Unfortunately, the
accuracy of the different models was moderate. In addition, these studies
had several limitations concerning large amounts of missing data, re-
strictions in terms of availability of data on specific predictors, and
usage of different definitions for TRS.

Although clinical, genetic, sociodemographic and environmental
factors might have predictive value for TRS, it remains unclear which
factors can best be used for ML-based practical tools that can adequately
predict TRS on an individual level. Therefore, we applied an ML model,
utilizing comprehensive data from the Genetic Risk and Outcome of
Psychosis (GROUP) study, to identify variables that are associated with
TRS and that could potentially predict TRS in the future. As the GROUP
study offers a unique combination of clinical, familial, sociodemo-
graphic, and environmental variables, this study can provide additional
insight into TRS and contribute to the development of individualized
care.

2. Material and methods
2.1. Study design

GROUP is a Dutch multi-centre longitudinal cohort study, which
studies genetic and non-genetic vulnerability and resilience factors
involved in the development and course of non-affective psychotic dis-
orders (NAPD) (Korver et al., 2012). Data collection took place between
April 2004 and December 2013. In- and outpatients were recruited
across 36 mental health institutes. Assessments took place at baseline
(T1), after three (T2) and six years (T3) follow-up. Inclusion criteria
were 1) 16-50 years of age, 2) a diagnosis of NAPD according to the
Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition
(DSM-1V), 3) good command of the Dutch language, and 4) the mental
capacity to give informed consent. Clinical, familial, sociodemographic,
and environmental data were collected after obtaining informed con-
sent. The GROUP study was approved by the Ethical Review Board of the
University Medical Centre Utrecht and by the local review boards of all
institutes. Patient data from database release 8.0 was used.

2.2. Participants

The GROUP study included 1136 patients with NAPD of which two-
thirds were within the early phase of the disease (mean illness duration
of <5 years). TRS was not included as a variable in the dataset and
therefore the use of clozapine was used as a proxy for TRS (Wimberley
et al., 2016a).

For our main analysis, we selected TRS patients, i.e., patients who
used clozapine (>12.5 mg) during the study (Fig. 1). This cut-off was
chosen, as Dutch guidelines recommend to start clozapine treatment
with at least 12.5 mg a day for TRS (Clozapine Plus Werkgroep, 2013;
Zorginstituut Nederland, 2015). It is likely that clozapine prescriptions
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with lower dosages were aimed at other indications. Additionally, we
selected antipsychotic-responsive patients, i.e., patients who did not use
clozapine but instead used at least one non-clozapine antipsychotic (>0
mg) and who met remission criteria during one of the study assessments
(i.e., scores of <3 on the Positive and Negative Syndrome Scale items P1,
P2, P3, N1, N4, N6, G5, and G9) (Andreasen et al., 2005). Maintenance
of remission over six months could not be examined with the available
data. We excluded patients who did not meet the remission criteria
during any of the study assessments, as it is possible that these patients
1) were not using antipsychotic medication or were incompliant, 2) had
an indication for clozapine, but did not receive it for some reason, or 3)
were pseudo-resistant (i.e., other factors explain the unresponsiveness to
antipsychotics). For some patients, the primary diagnosis changed dur-
ing the study. Therefore, we selected patients with an NAPD diagnosis at
T3 (i.e., schizophrenia, schizophreniform disorder, schizoaffective dis-
order, delusional disorder, brief psychotic disorder, or psychotic disor-
der not otherwise specified), as we assumed that this diagnosis was most
accurate. In case of missing data, we evaluated the last available primary
diagnosis of the patient.

For a sensitivity analysis, we excluded patients who met the TRS or
antipsychotic-responsive criteria at T1. This was done as decision tools
will likely be used when treatment needs to be initiated for patients, who
do not yet show signs of response or non-response. Therefore, the
sensitivity analysis included TRS and antipsychotic-responsive patients
who only met the corresponding criteria at follow-up (i.e., T2 and/or
T3).

2.3. Variables

We selected trait(-like) variables from the baseline and follow-up
assessments of the GROUP study, which did not change or minimally
changed over time (Supplementary Table S1). These included: 1) de-
mographic variables; 2) clinical variables, e.g. DUP; 3) variables on
substance use; 4) neurocognitive variables; 5) variables on premorbid
functioning, e.g. Premorbid Adjustment Scale (PAS) scores (Cannon-
Spoor et al., 1982); 6) familial variables, e.g. familial loading of psy-
chotic disorders (Verdoux et al., 1996); and 7) environmental variables,
e.g. urbanicity. Variables were excluded if >25 % of the data was
missing. Subsequently, we excluded patients with >25 % of missing
data.

2.4. Machine learning

For both analyses, the outcome for our ML-based classification was
TRS versus antipsychotic-responsive. We applied an ML framework in
Python 3.9 using the Scikit-learn library 1.1.0 (Fig. 2) (Pedregosa et al.,
2011). We used a Random Forest (RF) model (1000 decision trees), which
is a frequently used non-parametric ensemble algorithm (Breiman,
2001).

To assess the model's prediction performance on unseen data, we
used a stratified 5-fold cross-validation approach, i.e., the data was
divided in five subsets and in each subset, the ratio of TRS to
antipsychotic-responsive patients was equal. In each cross-validation
fold, the RF model was trained on 80 % of data (training set) and vali-
dated on an unseen subset of 20 % of data (test set). This was repeated
until every fold had served as the test set. The 5-fold cross-validation was
repeated 10 times, to limit the occurrence of chance findings.

Before the RF model was trained on the training folds, multiple pre-
processing steps were performed on the training sets: removal of highly
correlated variables, data imputation, normalization, and dimension
reduction to mitigate overfitting (Supplementary Methods S1). These
steps were subsequently applied to the test set. We then used nested
cross-validation with a randomized search algorithm to optimize model
hyperparameters within each training set. From each cross-validation
fold, the best-performing hyperparameters (based on training set per-
formance) were used for the test data. After hyperparameter
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GROUP patient cohort
N=1136

Patients without baseline data
n=17

Patients with baseline data
n=1119
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Patients who used > 12.5 mg clozapine during
the study period n=213

Patients with a last registered primary
diagnosis of non-NAPD n=3

Patients who did not use > 12.5 mg
clozapine during the study period n=906

TRS patients (main analysis)
n=210 (n=200 after excluding patients
with > 25% missing data)

Patients without Patients who met TRS
PANSS data criteria at baseline
n=38 n=125

n=868

Patients with PANSS data

TRS patients (sensitivity analysis)
n=85 (n=76 after excluding patients with
> 25% missing data)

Patients who used a low dose (< 12.5 mg) of
clozapine during the study period n=2

Patients who did

during the study period
n=866

not use clozapine

Patients who did not meet remission criteria
during the study period
n=383

Patients with a last registered primary
diagnosis of non-NAPD
n=31

Patients who met

remission criteria during the study period:

Antipsychotic-responsive patients (main analysis)
n=452 (n=423 after excluding patients with > 25% missing data)

Patients who met remission criteria

at baseline
n=323

Antipsychotic-responsive patients (sensitivity analysis)
n=129 (n=123 after excluding patients with > 25% missing data)

Fig. 1. Flowchart of the patient selection procedure.

Abbreviations: non-NAPD, not a non-affective psychotic disorder diagnosis; PANSS, Positive and Negative Syndrome Scale; TRS, treatment-resistant schizophrenia.
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Data selection of main/sensitivity analysis

Exclusion of variables and patients with >25% missing data

Split data in 5 sets

training

Train fold Train fold Train fold Train fold I Test fold
P ————————— _l___________________' R
Removal of highly Tiansform
1. A e
correlated variables
l Transform
2. Data imputation e —]
Transform
3. Data normalization [~ j
Transform
4. Dimension reduction — e
5. Hyperparameter optimalization
l Test
6. Oversampling
Random Forest Trained Random
7. —

Forest

l

Performance score

5x score from each
cross-validation

50x score after repeated
cross-validation

l

Mean score + SD

Fig. 2. Overview of the machine learning framework.

135



C.F.M. van Hooijdonk et al.

optimization, we applied oversampling (Supplementary Methods S1).
This was done as, in case of a class imbalance, a trained model might
have high accuracy in classifying the majority group, while it has a poor
performance in classifying the minority group. The model was also
trained without oversampling. As all pre-processing and model optimi-
zation steps were performed within each training set only, leakage of
test data into the trained model was prevented.

2.5. Variable importance

The interpretation of ML models is challenging and its methodology
is often visualized as a black box (Linardatos et al., 2020). To overcome
this, Lundberg and Lee (2017) developed Shapley Additive exPlanations
(SHAP), a theoretically reliable and intuitive method to explain the
outcome of ML models. SHAP uses the Shapley value of the game theory
and its extension. It assigns each variable a SHAP value, which quan-
tifies the contribution (importance) of that variable to the prediction
made by the model. More specifically, the SHAP value quantifies the
direction (positive or negative) and magnitude of the variable's influ-
ence on the prediction (Lundberg and Lee, 2017). By use of SHAP, we
visualized variables, for the best-performing (i.e., most prognostic) RF
models, that were most important for predicting TRS in both analyses.

2.6. Statistical analysis

We created a receiver operator characteristic (ROC) curve and
calculated the area under the curve (AUC) to evaluate the performance
of each RF model. In addition, we calculated the Brier score to assess
model calibration and refinement (0.0 is optimal) (Murphy, 1973). For
each score, the mean and standard deviation over the 50 repeated cross-
validation folds were calculated. The best model was selected based on
the highest and lowest mean AUC and Brier scores, respectively. To
evaluate whether the models performed significantly (p < 0.05) better
than random guessing, we performed random permutations (Ojala and
Garriga, 2010). This was done by randomly shuffling the labels (TRS/
antipsychotic-responsive) before the 10 times repeated 5-fold cross-
validation was performed, which resulted in a random guessing cross-
validated mean AUC. This procedure was repeated 100 times and
resulted in a p-value, that was defined as the fraction of repeated cross-
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validation iterations in which the permutation mean AUC was equal to
or greater than the real mean AUC. Finally, we assessed the impact of the
pre-processing steps by comparing the mean AUC between models with
and without a particular pre-processing step.

3. Results
3.1. Data selection

One hundred and one trait(-like) variables were selected (Supple-
mentary Table S1). We used 59 and 63 of these variables for the main
and sensitivity analyses, respectively. Other variables were excluded
due to >25 % of missing data.

For the main analysis, we selected 200 TRS and 423 antipsychotic-
responsive patients. The selection for the sensitivity analysis resulted
in 76 TRS and 123 antipsychotic-responsive patients. The characteristics
of the groups are summarized in Supplementary Table S2.

3.2. Predictions

In the main analysis, a model with z-score normalization and without
oversampling or variable selection resulted in the highest cross-
validation mean AUC of 0.69 + 0.04 (p < 0.01; Fig. 3A). This model
also resulted in the lowest mean Brier score of 0.20 + 0.01 and had a
sensitivity and specificity of 0.21 + 0.06 and 0.93 + 0.03, respectively.
Noteworthy is that the five best-performing models all had, rounded to
two decimals, the same mean AUC and Brier scores (all p < 0.01; Sup-
plementary Table S3 and Fig. S1).

In the sensitivity analysis, a model with z-score normalization and
oversampling (i.e., duplication of cases) but without variable selection
resulted in the highest cross-validation mean AUC of 0.66 £ 0.07 and a
mean Brier score of 0.22 + 0.01 (p < 0.01; Fig. 3B). The model's
sensitivity and specificity were 0.43 + 0.11 and 0.80 + 0.07, respec-
tively. The six models with the highest mean AUC, all had the same
mean AUC scores and Brier scores (i.e., rounded to two decimals) and
comparable standard deviations of the mean AUC and Brier scores (all p
< 0.01; Supplementary Table S4 and Fig. S2). The sensitivities and
specificities of the six best-performing models were very similar.

Pre-processing methods had little effect on the performance of the RF

Scaling: Standard | Oversampler: Duplicate | Feature selection: None
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Fig. 3. Mean cross-validated receiver operator characteristic curves of the best-performing machine learning models for the (A) main and (B) sensitivity analyses.

Abbreviations: AUC, area under the curve.
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models (Supplementary Results S1 and S2).
3.3. Variable importance

By use of SHAP values, we visualized the impact of individual vari-
ables on the output of the RF models. We did this for the best-performing
RF model of both analyses. In Figs. 4 and 5, SHAP values are shown for
the 20 most important variables across the 50 cross-validation folds of
these models. The bar plots in Fig. 4 show the degree of contribution of a
specific variable to the prediction made by the RF model, with higher
mean absolute SHAP values implying a bigger contribution of a variable
to the output of the model. The summary plots in Fig. 5 visualize how
low (blue dots), high (red dots), and intermediate variables' values are
related to the probability of belonging to the TRS group. Variable values
with higher SHAP values indicate a higher probability of TRS, and vice
versa.

In the main analysis, the mean PAS score for ages 16 to 19 was the
most important variable for the prediction of TRS (Fig. 4A). Higher PAS
scores (i.e., worse premorbid functioning) indicated an increased risk of
TRS (i.e., positive SHAP value) (Fig. 5A). In addition, marital status (i.e.,
not married or married/living together), PAS overall score, and age at
illness onset were among the variables with the highest contribution to
the prediction of TRS. Patients who were not married had an increased
risk of TRS, while patients who were married or living together had a
decreased risk of TRS (i.e., negative SHAP values). Higher PAS overall
scores and lower age at onset were also associated with an increased risk
of TRS.

Interestingly, clear differences were visible between low and high
values for the variables of sexual abuse score of the CTQ, any lifetime use
of cannabis and other substances (i.e., other than cannabis, cocaine,
stimulants, psychedelics, or phencyclidine), frequency of lifetime use of
cocaine and other substance use, and average urbanicity between ages 5
to 9. High scores on sexual abuse, (more) substance use, and non-urban
environments indicating a higher risk of TRS. When comparing the
SHAP bar and summary plots of the four second-best RF models with the
plots of the best-performing RF model, it can be noted that the top 20
variables of these four models overlap for 65-80 % with the top 20 of the
best-performing RF model (Supplementary Figs. S3 and S4). Mean PAS
scores for ages 16 to 19, PAS overall score, and age at onset are part of
the top 6 variables in all of these models. In addition, the eight variables
(i.e., mean PAS scores for ages 16 to 19, marital status, PAS overall
score, age at onset, educational degree, current household [e.g., living
alone, with parents/partner, or sheltered], IQ, and year of birth) with
the highest contribution to the prediction of TRS in the best-performing
RF model were also present in the top 20 of the second-best RF models.
This indicates that these variables consistently contributed to the pre-
diction of TRS.

In the sensitivity analysis, highest acquired educational degree was
the most important variable for the prediction of TRS (Fig. 4B), with
lower levels of education associated with a higher risk of TRS (Fig. 5B).
Similar to the main analysis, mean PAS scores for ages 16 to 19 and PAS
overall scores had a relatively high contribution to the prediction of TRS.
Again, higher PAS scores were associated with higher risks of TRS.
Moreover, the number of moves and family loading score for substance
abuse (i.e., scores <0 indicate a negative family history for substance use
disorders, while scores >0 indicate a positive family history) were
among the variables with the highest contribution to the prediction of
TRS. For both variables, a colour gradient is visible in the summary plot,
indicating that lower scores are associated with an increased risk of TRS
and vice versa. There was also a clear difference visible in SHAP values
between high and low scores of the variables of any lifetime use of other
substances and frequency of lifetime use of other substances, with
(more) substance use indicative of a higher risk of TRS.

The top 20 variables of the best RF model of the main and sensitivity
analyses overlapped for 55 %. In addition, the top 20 variables of the
five second-best RF models of the sensitivity analysis overlapped for
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70-100 % with the top 20 variables of the best RF model (Supplemen-
tary Figs. S5 and S6). Across the six models, highest acquired educa-
tional level was consistently one of the top 5 variables with the highest
contribution to predicting TRS. Age at onset was repeatedly found in the
top 11 of these models. Moreover, the four variables (i.e., educational
degree, number of moves, mean PAS scores for ages 16 to 19, and family
loading score for substance abuse) with the highest contribution to the
prediction of TRS in the best-performing RF model were also present in
the top 20 of the second-best RF models.

4. Discussion

Our main analysis indicates that premorbid functioning and age at
illness onset are most important for the prediction of TRS in an NAPD
patient cohort consisting of TRS and antipsychotic-responsive patients.
Marital status, educational degree, current household, and IQ also
consistently contributed to the prediction of TRS. The sensitivity anal-
ysis indicated that educational level was most important for the pre-
diction of TRS in the subgroup of patients who did not show signs of
response or TRS at baseline. Number of moves, premorbid functioning,
and family loading score for substance abuse also consistently contrib-
uted to the prediction of TRS in this analysis. Although the most prog-
nostic RF models of both analyses discriminated TRS and antipsychotic-
responsive patients significantly better than chance, the model's per-
formances were modest (AUC 0.66-0.69).

Across both analyses, premorbid functioning and age at illness onset
were consistent contributors to the prediction of TRS, with worse pre-
morbid functioning and a younger age at onset associated with an
increased risk of TRS. This is in line with previous findings (Chan et al.,
2014, 2021; Demjaha et al., 2017; Kim et al., 2017; Lally et al., 2016;
Martin and Mowry, 2016; Meltzer et al., 1997; Smart et al., 2021;
Wimberley et al., 2016a). In addition, poor premorbid functioning
(Chan et al., 2014, 2021), season of birth (Kim et al., 2017; S¢rensen
et al., 2014), and male sex (Lally et al., 2016; Meltzer et al., 1997) were
also proposed as important predictors of TRS by multiple, but not all
observational studies (Demjaha et al., 2017; Wimberley et al., 2016a).
Our study did not confirm an important role of sex in distinguishing TRS.
We also did not find a consistent role for the DUP to first contact with
mental health care or to first treatment with antipsychotics in the pre-
diction of TRS. This might be related to the observation that TRS patients
had a numerically shorter DUP compared to antipsychotic-responsive
patients. Although previous studies found no significant differences
between TRS and antipsychotic-responsive patients with regard to
marital status (Iasevoli et al., 2016) and no association between living
situation (Wimberley et al., 2016a) and TRS, our findings indicate that
these factors might have predictive value for TRS. In our sensitivity
analysis, educational level was an important contributor to the predic-
tion of TRS, with lower levels of education indicating a higher risk of
TRS. This is in line with earlier findings (Diaz et al., 2013; Lasalvia et al.,
2017; Verma et al., 2012). Although variables related to substance use,
childhood trauma, and urbanicity did not contribute most to the pre-
diction of TRS, our results indicated that (more) substance use, a history
of sexual abuse, and non-urban environments are associated with an
increased risk of TRS, which is in agreement with previous findings
(Ajnakina et al., 2018; Arsalan et al., 2019; Di Forti et al., 2009; Wim-
berley et al., 2016b). For clinicians, it might be good to be aware of these
associations and to be alert for TRS in patients that may be at increased
risk.

Comparable to other studies that used clinical and demographical
data to predict TRS (Ajnakina et al., 2020; Kadra-Scalzo et al., 2022;
Legge et al., 2020; Smart et al., 2022), our RF models attained high
specificities and relatively low sensitivities, which indicates that the
models are relatively good at recognizing antipsychotic-responsive pa-
tients, but not so good at recognizing TRS patients. High specificity is
important, as clozapine usage is associated with serious side effects and
therefore clozapine should not be initiated in antipsychotic-responsive
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Fig. 4. SHAP bar plots of the top 20 variables of the highest performing random forest model of the A) main and B) sensitivity analyses. The mean absolute SHAP
value on the x-as indicates the degree of contribution of a variable to the output of the model, with higher values implying larger contributions.
Abbreviations: CTQ, Childhood Trauma Questionnaire; DUP, duration untreated psychosis; SHAP, SHapley Additive exPlanations.
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Fig. 5. SHAP summary plots of the top 20 variables of the highest performing random forest model of the A) main and B) sensitivity analyses. The higher the SHAP
value of a variable, the higher the probability of TRS, and vice versa. Each dot represents one patient and accumulates vertically to illustrate the density. The blue and
red colours represent low and high variable values, respectively. Intermediate variable values are denoted by the blue-to-red colour bar.

Abbreviations: CTQ, Childhood Trauma Questionnaire; DUP, duration untreated psychosis; SHAP, SHapley Additive exPlanations. (For interpretation of the refer-
ences to colour in this figure legend, the reader is referred to the web version of this article.)
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patients. Ajnakina et al. (2020) used regression models to predict early
and late treatment resistance in first-episode patients (n = 239) by use of
clinical, familial, and environmental variables. The sensitivities and
specificities of their models ranged between 0-60 % and 71-100 %,
respectively. AUC scores (0.74-0.77) were a bit higher compared to the
AUC scores of our RF models (0.66-0.69). Legge et al. (2020) used a
conditional inference RF model to evaluate the influence of de-
mographic, premorbid, family and illness-related predictors on the risk
for TRS (n = 337). The accuracy of their predictive model was 0.59.
Similar to our findings, they found that a younger age at onset was the
most important variable for the prediction of TRS, followed by, among
others, premorbid IQ and poor premorbid social and work adjustments.
Age at onset of illness and years in education were also found to be
associated with increased odds of TRS by Smart et al. (2022). Their
regression model predicted TRS (n = 2216) with an AUC of 0.59,
specificity of 76 % and sensitivity of 48 %. Lastly, Kadra-Scalzo et al.
(2022) used electronic health records of patients with a schizophrenia
spectrum disorder (n = 1435) and showed that, among others, younger
age at antipsychotic initiation and minor cognitive problems were pre-
dictors of TRS. Their prediction model for TRS produced a Harrel's C
index of 0.60, which indicates a weak performance. Studies that used ML
models based on neuroimaging data showed promising results for the
prediction of response to transcranial magnetic stimulation (Koutsou-
leris et al., 2018), electroconvulsive treatment (Li et al., 2017), and
risperidone (Cao et al., 2020) in schizophrenia. Therefore, to increase
the model's performance and sensitivity, additional clinical (Samara
et al., 2015), biological (Mondelli et al., 2015; Osimo et al., 2023), or
neuroimaging data (Cao et al., 2016, 2020; Masychev et al., 2020; Sarpal
et al.,, 2016; Veronese et al., 2021) might be needed. With this, the
optimal balance between increasing the accuracy of ML models and the
difficulty to obtain certain data needs to be considered.

This study has several limitations. First, for the majority of patients,
the data was collected a couple of years after illness onset. To increase
the generalizability of our findings, we chose to enter variables into the
ML model that did not change or were relatively stable over time. Var-
iables related to symptom severity were therefore not included,
although they may have predictive value (Demjaha et al., 2017). Our
results, therefore, need to be replicated in a cohort of patients who
recently entered psychiatric services. Second, age at illness onset was
significantly higher in patients not included in our main analysis
compared to patients who were included (p = 0.01; Supplementary
Methods S2 and Table S5). To avoid selection bias, future studies might
use data from large national registries. Third, to limit bias that arises
from data imputation, we had to exclude 38-42 variables from our an-
alyses due to >25 % of missing data. Fourth, some variables might
reflect vulnerability for TRS, while others might reflect a consequence of
TRS (or both). Unfortunately, our analyses did not inform about the
underlying causal relationships between predictors and TRS. Fifth, 12, 8,
and 26 patients selected for the main analysis had a primary DSM-IV
diagnosis at T3 (or T1/T2 in case of missing data) of delusional disor-
der, brief psychotic disorder, and schizophreniform disorder, respec-
tively. Many of these patients received antipsychotic prescriptions at
more than one study assessment, which indicates that they experienced
more severe symptoms for longer periods than is suggested by their
primary diagnoses. ML-based tools will especially be useful in case of an
unclear clinical presentation and should be utilized in a transdiagnostic
way when a patient with psychotic symptoms is presented. Sixth, due to
the lack of an external dataset, we could not test the external validity of
our RF models.

We demonstrate that younger age at illness onset, worse premorbid
functioning, and lower educational levels are most consistently associ-
ated with TRS. Our ML models based on clinical, sociodemographic,
familial, and environmental variables, however, showed modest per-
formance in predicting TRS. Future large multi-centre studies are
needed to investigate whether the model's performance can be improved
by adding data from different modalities.

140

Schizophrenia Research 262 (2023) 132-141
Funding

The GROUP study is funded by the Geestkracht programme of the
Dutch Health Research Council (Zon-Mw, grant number 10-000-1001)
and participating pharmaceutical companies (Lundbeck, AstraZeneca,
Eli Lilly, Janssen Cilag) and universities and mental health care orga-
nizations (Amsterdam: Academic Psychiatric Centre of the Academic
Medical Center and the mental health institutions: GGZ Ingeest, Arkin,
Dijk en Duin, GGZ Rivierduinen, Erasmus Medical Centre, GGZ Noord
Holland Noord. Groningen: University Medical Center Groningen and
the mental health institutions: Lentis, GGZ Friesland, GGZ Drenthe,
Dimence, Mediant, GGNet Warnsveld, Yulius Dordrecht and Parnassia
psycho-medical center The Hague. Maastricht: Maastricht University
Medical Centre and the mental health institutions: GGzE, GGZ Breburg,
GGZ Oost-Brabant, Vincent van Gogh voor Geestelijke Gezondheid,
Mondriaan, Virenze riagg, Zuyderland GGZ, MET ggz, Universitair
Centrum Sint-Jozef Kortenberg, CAPRI University of Antwerp, PC Zie-
keren Sint-Truiden, PZ Sancta Maria Sint-Truiden, GGZ Overpelt, OPZ
Rekem. Utrecht: University Medical Center Utrecht and the mental
health institutions Altrecht, GGZ Centraal and Delta).

The work of EvdG and MvdP was funded by a Veni grant from the
Netherlands Organisation for Health Research and Development
(ZonMw, grant number 91618075).

CRediT authorship contribution statement

The GROUP investigators designed and conducted the GROUP study.
CvH, MvdP, LdH, FS, and EvdG designed the research question for this
project. BAV and MC carried out the analysis. CvH interpreted that data
and wrote the original draft of the manuscript. All authors critically
reviewed and approved the final version of the manuscript.

Declaration of competing interest

None.

Acknowledgements

We are grateful for the time and effort of the patients and families.
We would like to thank all personnel involved in the GROUP project (in
particular: Joyce van Baaren, Erwin Veermans, Ger Driessen, Truda
Driesen, Erna van't Hag, Jessica de Nijs) and Ronald Boellaard for his
support with the project design.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.schres.2023.10.030.

References

Ajnakina, O., Trotta, A., Di Forti, M., Stilo, S.A., Kolliakou, A., Gardner-Sood, P., Lopez-
Morinigo, J., Gaughran, F., David, A.S., Dazzan, P., 2018. Different types of
childhood adversity and 5-year outcomes in a longitudinal cohort of first-episode
psychosis patients. Psychiatry Res. 269, 199-206.

Ajnakina, O., Agbedjro, D., Lally, J., Di Forti, M., Trotta, A., Mondelli, V., Pariante, C.,
Dazzan, P., Gaughran, F., Fisher, H.L., 2020. Predicting onset of early-and late-
treatment resistance in first-episode schizophrenia patients using advanced
shrinkage statistical methods in a small sample. Psychiatry Res. 294, 113527.

Andreasen, N.C., Carpenter Jr., W.T., Kane, J.M., Lasser, R.A., Marder, S.R.,
Weinberger, D.R., 2005. Remission in schizophrenia: proposed criteria and rationale
for consensus. Am. J. Psychiatry 162 (3), 441-449.

Arsalan, A., Igbal, Z., Tariq, M., Ayonrinde, O., Vincent, J.B., Ayub, M., 2019. Association
of smoked cannabis with treatment resistance in schizophrenia. Psychiatry Res. 278,
242-247.

Breiman, L., 2001. Random forests. Mach. Learn. 45 (1), 5-32.

Cannon-Spoor, H.E., Potkin, S.G., Wyatt, R.J., 1982. Measurement of premorbid
adjustment in chronic schizophrenia. Schizophr. Bull. 8 (3), 470-484.


https://doi.org/10.1016/j.schres.2023.10.030
https://doi.org/10.1016/j.schres.2023.10.030
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0005
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0005
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0005
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0005
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0010
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0010
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0010
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0010
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0015
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0015
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0015
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0020
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0020
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0020
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0025
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0030
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0030

C.F.M. van Hooijdonk et al.

Cao, H., Dixson, L., Meyer-Lindenberg, A., Tost, H., 2016. Functional connectivity
measures as schizophrenia intermediate phenotypes: advances, limitations, and
future directions. Curr. Opin. Neurobiol. 36 (August), 7-14.

Cao, B., Cho, R.Y., Chen, D., Xiu, M., Wang, L., Soares, J.C., Zhang, X.Y., 2020. Treatment
response prediction and individualized identification of first-episode drug-naive
schizophrenia using brain functional connectivity. Mol. Psychiatry 25 (4), 906-913.

Chan, S.K.W., Chan, W.Y., Hui, C.L.M., Chang, W.C,, Lee, E.H.M., Chen, E.Y.H., 2014.
Predictors of treatment resistant schizophrenia-spectrum disorder: 10-year
retrospective study of first-episode psychosis. Early Interv. Psychiatry 8 (suppl. S1),
78. https://doi.org/10.1111/eip.12199 abstract no. A56.

Chan, S.K.W., Chan, H.Y.V., Honer, W.G., Bastiampillai, T., Suen, Y.N., Yeung, W.S.,
Lam, M., Lee, W.K., Ng, R.M.K., Hui, C.L.M., 2021. Predictors of treatment-resistant
and clozapine-resistant schizophrenia: a 12-year follow-up study of first-episode
schizophrenia-spectrum disorders. Schizophr. Bull. 47 (2), 485-494.

Clozapine Plus Werkgroep, 2013. Richtlijn voor het gebruik van clozapine. https://www.
clozapinepluswerkgroep.nl/. (Accessed 1 February 2023).

Demjaha, A., Lappin, J., Stahl, D., Patel, M., MacCabe, J., Howes, O., Heslin, M.,
Reininghaus, U., Donoghue, K., Lomas, B., 2017. Antipsychotic treatment resistance
in first-episode psychosis: prevalence, subtypes and predictors. Psychol. Med. 47
(11), 1981-1989.

Di Forti, M., Morgan, C., Dazzan, P., Pariante, C., Mondelli, V., Marques, T.R.,
Handley, R., Luzi, S., Russo, M., Paparelli, A., 2009. High-potency cannabis and the
risk of psychosis. Br. J. Psychiatry 195 (6), 488-491.

Diaz, 1., Pelayo-Teran, J.M., Pérez-Iglesias, R., Mata, 1., Tabarés-Seisdedos, R., Suarez-
Pinilla, P., Vazquez-Barquero, J.L., Crespo-Facorro, B., 2013. Predictors of clinical
remission following a first episode of non-affective psychosis: sociodemographics,
premorbid and clinical variables. Psychiatry Res. 206 (2-3), 181-187.

Howes, O.D., McCutcheon, R., Agid, O., De Bartolomeis, A., Van Beveren, N.J.,
Birnbaum, M.L., Bloomfield, M.A., Bressan, R.A., Buchanan, R.W., Carpenter, W.T.,
2017. Treatment-resistant schizophrenia: treatment response and resistance in
psychosis (TRRIP) working group consensus guidelines on diagnosis and
terminology. Am. J. Psychiatry 174 (3), 216-229.

Iasevoli, F., Giordano, S., Balletta, R., Latte, G., Formato, M.V., Prinzivalli, E., De
Berardis, D., Tomasetti, C., de Bartolomeis, A., 2016. Treatment resistant
schizophrenia is associated with the worst community functioning among severely-
ill highly-disabling psychiatric conditions and is the most relevant predictor of
poorer achievements in functional milestones. Prog. Neuro-Psychopharmacol. Biol.
Psychiatry 65, 34-48.

Kadra-Scalzo, G., Fonseca de Freitas, D., Agbedjro, D., Francis, E., Ridler, I.,

Pritchard, M., Shetty, H., Segev, A., Casetta, C., Smart, S.E., 2022. A predictor model
of treatment resistance in schizophrenia using data from electronic health records.
PLoS One 17 (9), e0274864.

Kim, J., Park, C., Choi, J., Park, E., Tchoe, H., Choi, M., Suh, J., Kim, Y., Won, S.,
Chung, Y., 2017. The association between season of birth, age at onset, and
clozapine use in schizophrenia. Acta Psychiatr. Scand. 136 (5), 445-454.

Korver, N., Quee, P.J., Boos, H.B., Simons, C.J.P., de Haan, L., GROUP Investigators,
2012. Genetic Risk and Outcome of Psychosis (GROUP), a multi site longitudinal
cohort study focused on gene-environment interaction: objectives, sample
characteristics, recruitment and assessment methods. Int. J. Methods Psychiatr. Res.
21 (3), 205-221.

Koutsouleris, N., Wobrock, T., Guse, B., Langguth, B., Landgrebe, M., Eichhammer, P.,
Frank, E., Cordes, J., Wolwer, W., Musso, F., 2018. Predicting response to repetitive
transcranial magnetic stimulation in patients with schizophrenia using structural
magnetic resonance imaging: a multisite machine learning analysis. Schizophr. Bull.
44 (5), 1021-1034.

Lally, J., Ajnakina, O., Di Forti, M., Trotta, A., Demjaha, A., Kolliakou, A., Mondelli, V.,
Marques, T.R., Pariante, C., Dazzan, P., 2016. Two distinct patterns of treatment
resistance: clinical predictors of treatment resistance in first-episode schizophrenia
spectrum psychoses. Psychol. Med. 46 (15), 3231-3240.

Lasalvia, A., Bonetto, C., Lenzi, J., Rucci, P., Iozzino, L., Cellini, M., Comacchio, C.,
Cristofalo, D., D’Agostino, A., de Girolamo, G., 2017. Predictors and moderators of
treatment outcome in patients receiving multi-element psychosocial intervention for
early psychosis: results from the GET UP pragmatic cluster randomised controlled
trial. Br. J. Psychiatry 210 (5), 342-349.

Legge, S.E., Dennison, C.A., Pardinas, A.F., Rees, E., Lynham, A.J., Hopkins, L., Bates, L.,
Kirov, G., Owen, M.J., O’Donovan, M.C., 2020. Clinical indicators of treatment-
resistant psychosis. Br. J. Psychiatry 216 (5), 259-266.

Li, P., Jing, Rx, Zhao, Rj, Ding, Zb, Shi, L., Sun, Hq, Lin, X., Fan, Tt, Dong, Wt, Fan, Y.,
2017. Electroconvulsive therapy-induced brain functional connectivity predicts

141

Schizophrenia Research 262 (2023) 132-141

therapeutic efficacy in patients with schizophrenia: a multivariate pattern
recognition study. NPJ Schizophr. 3 (1), 1-9.

Linardatos, P., Papastefanopoulos, V., Kotsiantis, S., 2020. Explainable ai: a review of
machine learning interpretability methods. Entropy 23 (1), 18.

Lundberg, S.M., Lee, S.I., 2017. A unified approach to interpreting model predictions. In:
Advances in Neural Information Processing Systems, vol. 30.

Martin, A., Mowry, B., 2016. Increased rare duplication burden genomewide in patients
with treatment-resistant schizophrenia. Psychol. Med. 46 (3), 469-476.

Masychev, K., Ciprian, C., Ravan, M., Manimaran, A., Deshmukh, A., 2020. Quantitative
biomarkers to predict response to clozapine treatment using resting EEG data.
Schizophr. Res. 223, 289-296.

Meltzer, H.Y., Rabinowitz, J., Lee, M.A., Cola, P.A., Ranjan, R., Findling, R.L.,
Thompson, P.A., 1997. Age at onset and gender of schizophrenic patients in relation
to neuroleptic resistance. Am. J. Psychiatry 154 (4), 475-482.

Mondelli, V., Ciufolini, S., Belvederi Murri, M., Bonaccorso, S., Di Forti, M., Giordano, A.,
Marques, T.R., Zunszain, P.A., Morgan, C., Murray, R.M., 2015. Cortisol and
inflammatory biomarkers predict poor treatment response in first episode psychosis.
Schizophr. Bull. 41 (5), 1162-1170.

Murphy, A.H., 1973. A new vector partition of the probability score. J. Appl. Meteorol.
Climatol. 12 (4), 595-600.

Ojala, M., Garriga, G.C., 2010. Permutation tests for studying classifier performance.

J. Mach. Learn. Res. 11 (6).

Osimo, E.F., Perry, B.I., Mallikarjun, P., Pritchard, M., Lewis, J., Katunda, A., Murray, G.
K., Perez, J., Jones, P.B., Cardinal, R.N., 2023. Predicting treatment resistance from
first-episode psychosis using routinely collected clinical information. Nat. Mental
Health 1 (1), 25-35.

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O.,

Blondel, M., Prettenhofer, P., Weiss, R., Dubourg, V., 2011. Scikit-learn: machine
learning in Python. J. Mach. Learn. Res. 12, 2825-2830.

Samara, M.T., Leucht, C., Leeflang, M.M., Anghelescu, I.G., Chung, Y.C., Crespo-
Facorro, B., Elkis, H., Hatta, K., Giegling, 1., Kane, J.M., 2015. Early improvement as
a predictor of later response to antipsychotics in schizophrenia: a diagnostic test
review. Am. J. Psychiatry 172 (7), 617-629.

Sarpal, D.K., Argyelan, M., Robinson, D.G., Szeszko, P.R., Karlsgodt, K.H., John, M.,
Weissman, N., Gallego, J.A., Kane, J.M., Lencz, T., 2016. Baseline striatal functional
connectivity as a predictor of response to antipsychotic drug treatment. Am. J.
Psychiatry 173 (1), 69-77.

Smart, S., Kepiniska, A., Murray, R., MacCabe, J., 2021. Predictors of treatment resistant
schizophrenia: a systematic review of prospective observational studies. Psychol.
Med. 51 (1), 44-53.

Smart, S.E., Agbedjro, D., Pardinas, A.F., Ajnakina, O., Alameda, L., Andreassen, O.A.,
Barnes, T.R., Berardi, D., Camporesi, S., Cleusix, M., 2022. Clinical predictors of
antipsychotic treatment resistance: development and internal validation of a
prognostic prediction model by the STRATA-G consortium. Schizophr. Res. 250, 1-9.

Sgrensen, H.J., Foldager, L., Rgge, R., Pristed, S.G., Andreasen, J.T., Nielsen, J., 2014. An
association between autumn birth and clozapine treatment in patients with
schizophrenia: a population-based analysis. Nord. J. Psychiatry 68 (6), 428-432.

Verdoux, H., Van Os, J., Sham, P.C., Jones, P.B., Gilvarry, K., Murray, R., 1996. Does
familiality predispose to both emergence and persistence of psychosis?: a follow-up
study. Br. J. Psychiatry 168 (5), 620-626.

Verma, S., Subramaniam, M., Abdin, E., Poon, L., Chong, S., 2012. Symptomatic and
functional remission in patients with first-episode psychosis. Acta Psychiatr. Scand.
126 (4), 282-289.

Veronese, M., Santangelo, B., Jauhar, S., D’Ambrosio, E., Demjaha, A., Salimbeni, H.,
Huajie, J., McCrone, P., Turkheimer, F., Howes, O., 2021. A potential biomarker for
treatment stratification in psychosis: evaluation of an [18F] FDOPA PET imaging
approach. Neuropsychopharmacology 46 (6), 1122-1132.

Wimberley, T., Stgvring, H., Sgrensen, H.J., Horsdal, H.T., MacCabe, J.H., Gasse, C.,
2016a. Predictors of treatment resistance in patients with schizophrenia: a
population-based cohort study. Lancet Psychiatry 3 (4), 358-366.

Wimberley, T., Pedersen, C.B., MacCabe, J.H., Stgvring, H., Astrup, A., Sgrensen, H.J.,
Horsdal, H.T., Mortensen, P.B., Gasse, C., 2016b. Inverse association between
urbanicity and treatment resistance in schizophrenia. Schizophr. Res. 174 (1-3),
150-155.

Yoshimura, B., Yada, Y., So, R., Takaki, M., Yamada, N., 2017. The critical treatment
window of clozapine in treatment-resistant schizophrenia: secondary analysis of an
observational study. Psychiatry Res. 250, 65-70.

Zorginstituut Nederland, 2015. Farmacotherapeutisch Kompas. https://www.farmacoth
erapeutischkompas.nl/. (Accessed 1 February 2023).


http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0035
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0035
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0035
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0040
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0040
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0040
https://doi.org/10.1111/eip.12199
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0050
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0050
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0050
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0050
https://www.clozapinepluswerkgroep.nl/
https://www.clozapinepluswerkgroep.nl/
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0060
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0060
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0060
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0060
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0065
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0065
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0065
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0070
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0070
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0070
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0070
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0075
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0075
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0075
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0075
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0075
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0080
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0080
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0080
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0080
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0080
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0080
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0085
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0085
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0085
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0085
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0090
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0090
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0090
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0095
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0095
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0095
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0095
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0095
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0100
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0100
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0100
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0100
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0100
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0105
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0105
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0105
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0105
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0110
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0110
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0110
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0110
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0110
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0115
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0115
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0115
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0120
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0120
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0120
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0120
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0125
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0125
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0130
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0130
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0135
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0135
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0140
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0140
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0140
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0145
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0145
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0145
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0150
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0150
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0150
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0150
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0155
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0155
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0160
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0160
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0165
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0165
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0165
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0165
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0170
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0170
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0170
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0175
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0175
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0175
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0175
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0180
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0180
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0180
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0180
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0185
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0185
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0185
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0190
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0190
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0190
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0190
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0195
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0195
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0195
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0200
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0200
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0200
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0205
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0205
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0205
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0210
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0210
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0210
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0210
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0215
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0215
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0215
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0220
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0220
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0220
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0220
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0225
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0225
http://refhub.elsevier.com/S0920-9964(23)00391-2/rf0225
https://www.farmacotherapeutischkompas.nl/
https://www.farmacotherapeutischkompas.nl/

	The association between clinical, sociodemographic, familial, and environmental factors and treatment resistance in schizop ...
	1 Introduction
	2 Material and methods
	2.1 Study design
	2.2 Participants
	2.3 Variables
	2.4 Machine learning
	2.5 Variable importance
	2.6 Statistical analysis

	3 Results
	3.1 Data selection
	3.2 Predictions
	3.3 Variable importance

	4 Discussion
	Funding
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Appendix A Supplementary data
	References


