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A B S T R A C T

Background: Schizophrenia (SZ) commonly manifests through multiple relapses, each impeding the path to re
covery and incurring personal and societal costs. Despite the identification of various risk factors associated to 
the risk of relapse, the development of accurate algorithms predictive of relapse has been limited, partly due to 
inadequate statistical methods. Additionally, despite the wealth of data showing strong associations between 
inflammation and schizophrenia, the two existing studies failed to demonstrate whether inflammatory param
eters could predict relapse. Our goal is then to identify clinical and inflammatory parameters associated with 
relapse in schizophrenia and to develop model to predict relapse in each patient.
Methods: We have used classical Cox regression, survival penalized regression, as well as survival random forests 
to analyze clinical and inflammatory biological data collected in the network of the Schizophrenia Expert Centers 
in France in which individuals with SZ are clinically assessed and followed up annually for 3 years.
Results: Among 247 individuals with SZ, 71 (29 %) experienced a psychotic relapse during the 3-year follow-up 
period. The variables most consistently associated with relapses were smoking status, severity of positive 
symptoms and low global functioning. From a panel of inflammatory parameters, only IL-8 serum levels were 
associated with time to relapse. The predictive performance, assessed using C-index, was 0.54 using both 
penalized regression and random forests.
Conclusions: We found several clinical and biological variables consistently associated with relapses across three 
distinct statistical methods. However, despite these associations, the predictive capacity of these models 
remained low, highlighting that association does not necessarily mean prediction.

1. Introduction

Schizophrenia (SZ) is characterized by significant suffering, 
disability, and a substantial global economic burden. Despite advances 
in the understanding of its biological basis, the clinical management of 
psychotic disorders remains difficult. Up to 40 % of patients discharged 
from hospital are estimated to experience relapse within 1 year (Leucht 
et al., 2012; Emsley et al., 2013). The relapse rate within the first year 
after onset has been estimated to be approximately 35 %, and the life
time risk of relapse up to 80 % (Porcelli et al., 2016). Relapse can have 
serious consequences such as worsening of symptoms, progressive 
cognitive deterioration, impaired functioning, loss of employment and 
strain on personal relationships (Almond et al., 2004). In addition, in
dividuals experiencing a relapse frequently require hospitalization, 
which constitutes the principal source of SZ annual direct cost (Laidi 
et al., 2018).

To alleviate the burden of SZ on patients and their families, pro
longing periods of effective symptom management is crucial. This goal 
could potentially be achieved through a personalized medicine 
approach, estimating the risk of relapse for each individual with SZ. As 
an initial step toward this objective, numerous authors have tried to 
identify clinical and biological factors associated with relapse in SZ in
dividuals. To the best of our knowledge, specific biomarkers linked to 
relapse remain unidentified. Conversely, several clinical factors have 
been correlated with relapse, including male gender, younger age at 
onset, substance abuse, tobacco smoking, metabolic syndrome (Godin 
et al., 2018), low premorbid functioning, duration of untreated psy
chosis, shorter baseline hospitalization, poor adherence to treatment, 
limited insight into the illness and anger and aggressiveness (Alvarez- 
Jimenez et al., 2012; Hui et al., 2013; Porcelli et al., 2016; Fond et al., 
2019). In contrast, the utilization of second-generation antipsychotics, 
as clozapine and olanzapine, as well as involvement in psychotherapy 
programs are associated with lower relapse rates (Efthimiou et al., 2024; 
Lähteenvuo et al., 2022; Tiihonen et al., 2019, 2017; Porcelli et al., 
2016).

Immune abnormalities have repeatedly been found in subjects with 
schizophrenia. We and others have found that patients with schizo
phrenia have elevated blood cytokines, in particular when they are 
resistant to treatment (Leboyer et al., 2021). Genes involved in the 
regulation of the immune system, in particular those belonging to the 
human leukocyte antigen (HLA) cluster were demonstrated to modulate 
the risk of SZ. In particular, ancestral haplotypes inducing excessive 
synaptic pruning are associated with increased risk of schizophrenia 
(Tamouza et al., 2021; Tamouza et al., 2020). Among risk factors for 

schizophrenia, prenatal maternal infection with a variety of different 
infectious agents and/or autoimmune disorders separately or in com
bination is a well-replicated factor (Brown, 2015; Benros et al., 2013). 
Significant improvement in patients with acute psychotic episode was 
reported in several studies when anti-inflammatory treatments were 
added to regular psychotropic (Fitton et al., 2022). Therefore, inflam
matory factors may play a role in relapse that needs to be more specif
ically evaluated.

Despite the identification of several factors associated with relapse in 
SZ, algorithms that could be used by clinicians to predict relapse in an 
individual patient have not yet been discovered. This may be explained 
because most studies in the field did not go further than association. In a 
typical association study, a dataset is usually analyzed using univariate 
methods, such as parametric tests (correlations, t-test), or models such as 
linear or logistic regressions. A possible step further is to analyze the 
data in a survival framework. The time to an event data contains more 
clinical information than the simply binary dichotomy of event occur
rence or absence, and it translates into more statistical information, as 
survival analyses tend to have greater statistical power than methods for 
binary outcomes such as logistic regression (George et al., 2014). While 
the Cox proportional hazards model is the most widely used, it is only 
suitable for small data sets and does not scale well to high dimensions 
(Stadtmauer et al., 2020). While regression methods allow for predic
tion, the model must be carefully validated to generate good estimates of 
the outcome using training and test or validation datasets (Iniesta et al., 
2016). Training datasets are used to create the model while test or 
validation datasets must be used to confirm that the model is reliable. 
While the training and validation datasets could ideally come from in
dependent populations, what is done in practice is to use resampling 
methods on the dataset to be derive a training, test, and validation 
datasets.

Based on the foregoing, in the present study, we aimed to produce a 
model to accurately predict relapse in individuals with SZ and to identify 
additional inflammatory markers associated with relapse. We focused 
on seven cytokines: interleukin (IL)-6, IL-7, IL-8, IL-10, IL-15, Tumor 
Necrosis Factor (TNF)-α and interferon (IFN)-γ; one Chemokine Ligand: 
(CCL)-2; and one neurotrophic factor: Brain Derived Neurotrophic 
Factor (BDNF), Their levels have been shown either to differ in schizo
phrenia patients when compared to healthy controls, associated with the 
severity of symptoms or with the clinical outcome. To name just a few of 
these studies, TNF-alpha levels before treatment were significantly 
higher in drug-naïve first episode of psychosis (FEP) patients than in 
chronic patients and healthy controls (Lin et al., 2021). Brain Derived 
Neurotrophic Factor (BDNF) has been linked to cognitive symptoms of 
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schizophrenia in many studies (Nieto et al., 2021). Patients with 
schizophrenia show raised serum levels of the pro-inflammatory che
mokine CCL2 (Drexhage et al., 2008). In patients with First Episode 
Psychosis (FEP) exhibiting severe symptoms and treated with ami
sulpride, lower serum levels of interleukin (IL)-15 were associated with 
higher odds of being non-remitters 4 weeks after treatment (Martinuzzi 
et al., 2019).

To achieve this goal, we have used clinical and inflammatory bio
logical data, collected in the network of the Schizophrenia Expert Cen
ters in France, in which 247 patients with SZ were clinically assessed and 
followed-up annually (Schürhoff et al., 2015). We are extending previ
ous work on prediction of relapse in this cohort (Fond et al., 2019) to the 
survival framework with the inclusion of additional biological variables.

2. Materialsandmethods

2.1. Study design and participants

The study sample was drawn from patients who were evaluated in 
hospitals belonging to the network of French Schizophrenia Expert 
Centers. The FACE-SZ cohort (FondaMental Academic Centers of 
Expertise for Schizophrenia) is based on a French national network of 10 
Schizophrenia Expert Centers (Bordeaux, Clermont-Ferrand, Colombes, 
Créteil, Grenoble, Lyon, Marseille, Montpellier, Strasbourg, and Ver
sailles). All clinically stable outpatients, defined by no hospitalizations 
or changes in treatment during the 4 weeks before evaluation, aged 16 
years and older with a DSM-IV-TR diagnosis of schizophrenia or schiz
oaffective disorder were included in this study, which was conducted 
from 2014 until the end of 2019. As this sample aimed to be represen
tative of a stabilized community-dwelling national sample of outpatients 
with schizophrenia, unremitted patients with moderate to severe 
symptoms were also included in the Schizophrenia Expert Centers 
network. All patients were referred by their general practitioner or 
psychiatrist, who subsequently received a detailed evaluation report 
with suggestions for personalized interventions. Patients were evaluated 
with a thorough, standardized assessment and were followed up every 
year for 3 years. Full description of population, characteristics and 
treatments can be found elsewhere (Schürhoff et al., 2019). A non- 
opposition form was signed by all participants, as this study included 
data coming from regular care assessments. All data were collected 
anonymously. The assessment protocol was approved by the relevant 
ethical review board (CPP-Ile de France IX, January 18, 2010). Access to 
the system is carefully regulated and approval was obtained from the 
ethical committee and the committee in charge of the safety of 
computerized databases (CNIL; DR-2012-157).

All patients were interviewed by members of the specialized multi
disciplinary team of the Expert Center. They were interviewed by a 
trained psychiatrist who used the Structured Clinical Interview for DSM- 
IV-TR Axis I Disorders, Patient Edition (SCID-I/P), to confirm the diag
nosis. Alcohol consumption, tobacco smoking, current cannabis use, 
substance abuse, eating disorder and current psychotropic treatments 
were recorded. Information concerning the onset and course of the 
illness were collected. Schizophrenia symptomatology was assessed 
using the Positive and Negative Syndrome Scale (PANSS). Current 
depressive symptoms were evaluated using the Calgary Depression Scale 
for Schizophrenia (CDSS). Medication adherence was measured using 
the Medication Adherence Rating Scale (MARS)(Fond et al., 2017). The 
sum of the 10 items yields a final score ranking from 0 (poorest adher
ence to treatment) to 10 (best adherence to treatment). The first four 
items were related to “medication adherence behavior”, the following 
four items represented the “subjects’ attitudes toward taking medica
tion.” The remaining two items represented “subjective negative side 
effects”. Exposure to maltreatment during childhood was measured 
using the Childhood Trauma Questionnaire (CTQ). Psychological, social, 
and occupational functioning was measured using the Global Assess
ment of Functioning (GAF) scale. Body mass index (BMI) was calculated 

as the weight in kilograms divided by the square of the height in meters. 
The presence of metabolic syndrome (MetS) was defined according to 
the criteria of the International Diabetes Federation, which requires that 
3 or more of the following 5 criteria be met: high waist circumference (>
94 cm for men and > 80 cm for women), hypertriglyceridemia (≥1.7 
mmol/L or on lipid-lowering medication), low HDL cholesterol level (<
1.03 mmol/L in men and < 1.29 mmol/L in women), high blood pres
sure (≥130/85 mmHg or on antihypertensive medication), and high 
fasting glucose concentration (≥5.6 mmol/L or on glucose-lowering 
medication).

Psychotic relapse was defined by a psychotic acute episode of at least 
7 consecutive days in the last 12 months (Siafis et al., 2024). To avoid 
memory bias, relatives and treating psychiatrists were also interviewed 
to report any potential psychotic relapse during the follow-up that may 
not have been reported by the patient. Other definitions of relapse such 
as a hospitalization only or a combination of hospitalization and psy
chotic acute episode have also been tested.

2.2. Blood biomarkers

To measure blood analytes, venous blood was obtained from fasting 
subjects between 7:00 am and 9:00 am. Routine blood samples were 
used to measure levels of triglycerides and glucose (requiring a 10-h 
fast), as well as low-density lipoprotein, high- density lipoprotein 
(HDL) cholesterol and total cholesterol. Serum levels of interleukin (IL)- 
6, IL-7, IL-8, IL-10, IL-15, interferon (IFN)-gamma, Tumor Necrosis 
Factor (TNF)-α, Chemokine Ligand (CCL)-2, and Brain Derived Neuro
trophic Factor (BDNF) were measured using a MesoScale Discovery 
(MSD) human V-Plex electro-chemiluminescence assay (MSD. Rockville. 
Maryland. USA. and data were already reported in previous studies 
(Leboyer et al., 2021; Foiselle et al., 2022).

2.3. Data analysis

Categorical variables were summarized using percentages and 
quantitative variables using means (standard deviation). Sociodemo
graphic and clinical characteristics, as well as inflammatory parameters 
of individuals with or without psychotic relapse during follow-up were 
compared using chi-square tests for categorical variables and Student’s 
or Mann-Whitney tests (depending on the distribution of the variables) 
for continuous variables.

We subsequently used survival framework methodologies with the 
aim of predicting relapse while also evaluating the importance of in
flammatory parameters. We used the same panel of variables in all 
analysis. We used three different approaches: classical Cox regression, 
penalized Cox regression and survival random forests.

The penalized regression framework uses linear models with pen
alties to avoid extreme parameters that may cause overfitting, while 
simultaneously performing variable selection and addressing the issue of 
multicollinearity. We have chosen the Elastic net regression which is 
well suited when the number of variables is larger than the number of 
individuals and will select in tandem any group of correlated variables 
(Stadtmauer et al., 2020). For each variable, we computed the variable 
inclusion probability (VIP, % runs in which the variable was selected by 
the penalized regression), the median hazard ratios and the percentile 
bootstrap confidence intervals (CI). Missing data were imputed using the 
Multivariate Imputation (MI) by Chained Equations (MICE) procedure 
in R (van Buuren and Groothuis-Oudshoorn, 2011) and non-parametric 
bootstrap was used for statistical inference (Abram et al., 2016). The 
CARET (Kuhn, 2008), GLMNET (Simon et al., 2011) and Survival R 
packages were used to implement Elastic Net penalized Cox regression 
models and the classical Cox regression.

We also applied the random survival forests nonparametric ensemble 
method, that is an extension to censored survival data of the random 
forest technique. It gathers the results from a great number of decision 
trees, generated from resampling the data, recursively partitioning the 
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covariate space using binary splits to form groups of subjects who are 
similar according to the survival outcome (Pickett et al., 2021). The 
method can handle multiple covariates as well as complex, nonlinear 
relationships between covariates without need for prior specification. 
Missing data was imputed as part of the random forest algorithm itself 

(Wright and Ziegler, 2017). The different models’ performance was 
assessed using Harrell’s C-index, a metric very commonly used for the 
global evaluation of prognostic models in survival analysis. It summa
rizes how good a predicted risk score describes an observed sequence of 
events and ranges from 0 to 1. There are not clearly defined thresholds 

Table 1 
Associations between clinical and inflammatory biological variables and relapse determined using univariate and multivariable Cox regressions. The number and 
frequency of missing data are shown for individual variable. Socio-demographic, clinical and inflammatory biological patient characteristics are shown for all patients, 
for the patients who have relapsed and for those who have not. Hazard Ratios and p-values are indicated when the dataset was analyzed using univariate and 
multivariable Cox regression. PPANSS, Positive and Negative Syndrome Scale (PANSS) positive subscale; NPANSS, PANSS negative subscale; GPANSS, General 
Psychopathology subscale of the PANSS; MI, multiple imputation.

Descriptive Cox regression Cox regression

Missing Nb (%) All (N = 247) Relapse Univariate analysis 
MI

Multivariable analysis 
MI

Mean (SD) or Nb (%) No (n = 176) Yes (n = 71) HR p-value HR p-value

71.30 % 28.70 %

Survival time 15.6 (9.2)
Age (Years) 0 (0.0) 29.8 (8.2) 29.31 (8.03) 31.24 (8.38) 1.027 0.05 1.006 0.748
Body mass index (kg/m2) 9 (3.6) 26.8 (5.3) 26.61 (5.45) 27.44 (4.98) 1.023 0.293
Gender

Male 0 (0.0) 194 (78.2) 139 (72.02 %) 54 (27.98 %) 0.81 0.452
Female 54 (21.8) 37 (68.52 %) 17 (31.48 %) 1 (ref)

Education (Years) 27 (10.9) 12.7 (2.4) 12.8 (2.37) 12.3 (2.54) 0.924 0.142
Metabolic syndrome

No 33 (13.3) 159 (74.0) 113 (71.52 %) 45 (28.48 %) 1 (ref)
Yes 56 (26.0) 39 (69.64 %) 17 (30.36 %) 1.127 0.658

Substance abuse
No 0 (0.0) 121 (48.8) 92 (76.03 %) 29 (23.97 %) 1(ref)
Yes 127 (51.2) 84 (66.67 %) 42 (33.33 %) 1.29 0.296

Alcohol
No 7 (2.8) 161 (66.8) 118 (73.29 %) 43 (26.71 %) 1(ref)
Yes 80 (33.2) 52 (65.00 %) 28 (35.00 %) 1.258 0.353

Cannabis
No 3 (1.2) 153 (62.4) 110 (71.90 %) 43 (28.10 %) 1(ref)
Yes 92 (37.6) 65 (70.65 %) 27 (29.35 %) 0.911 0.705

Tobacco
No 6 (2.4) 98 (40.5) 76 (77.55 %) 22 (22.45 %) 1(ref) 1 (ref)
Past 19 (7.9) 9 (47.37 %) 10 (52.63 %) 2.78 0.009 2.646 0.02
Current 125 (51.7) 86 (69.35 %) 38 (30.65 %) 1.427 0.178 1.248 0.435

Suicide attempts
No 5 (2.0) 198 (81.5) 144 (73.10 %) 53 (26.90 %) 1(ref)
Yes 45 (18.5) 28 (62.22 %) 17 (37.78 %) 1.44 0.195

Age first psycothic episode (y) 20 (8.1) 20.5 (5.2) 20.12 (4.47) 21.69 (6.53) 1.04 0.078 1.043 0.15
Nb psychotic episodes 0 (0.0) 10.8 (9.2) 10.69 (9.33) 11.11 (8.99) 1.009 0.497
Illness duration (Months) 20 (8.1) 9.3 (7.1) 8.9 (7.13) 10.22 (6.87) 1.016 0.326
Childhood trauma 11 (4.4) 40.9 (11.3) 39.99 (10.32) 43.21 (13.31) 1.021 0.037 1.009 0.366
Medication adherence score 14 (5.6) 6.4 (2.2) 6.41 (2.13) 6.29 (2.3) 0.97 0.59
Lifetime hospitalization

No 7 (2.8) 52 (21.6) 39 (75.00 %) 13 (25.00 %) 1 (ref)
Yes 189 (78.4) 132 (70.21 %) 56 (29.79 %) 1.272 0.437

PPANSS 10 (4.0) 14.2 (5.5) 13.35 (5.11) 16.27 (6.03) 1.066 0.002 1.03 0.31
NPANSS 9 (3.6) 17.6 (7) 17.12 (6.82) 18.63 (7.3) 1.016 0.325
GPPANSS 9 (3.6) 32.9 (10) 31.58 (9.11) 36.23 (11.26) 1.034 0.005 1.008 0.649
Functionning 9 (3.6) 52 (15.3) 54.39 (14.78) 46.34 (15.31) 0.974 0.003 0.987 0.287
Depressive symptoms 6 (2.4) 3.7 (3.9) 3.37 (3.54) 4.54 (4.7) 1.055 0.064 1.028 0.375
Antidepressants

No 18 (7.3) 165 (71.7) 121 (73.78 %) 43 (26.22 %) 1 (ref)
Yes 65 (28.3) 43 (66.15 %) 22 (33.85 %) 1.228 0.431

Anticonvulsants
No 18 (7.3) 200 (87.0) 146 (73.37 %) 53 (26.63 %) 1 (ref)
Yes 30 (13.0) 18 (60.00 %) 12 (40.00 %) 1.771 0.076 1.652 0.135

Benzodiazepines
No 16 (6.5) 188 (81.0) 138 (73.80 %) 49 (26.20 %) 1 (Ref)
Yes 44 (19.0) 27 (61.36 %) 17 (38.64 %) 1.39 0.235

IL-6 (pg/ml) 1 (0.4) 2.2 (9.5) 2.22 (9.8) 2.18 (9.25) 0.999 0.951
IL-7 (pg/ml) 0 (0.0) 13.2 (6.3) 13.6 (6.36) 12.36 (6.19) 0.975 0.213
IL-8 (pg/ml) 7 (2.8) 45.6 (143.6) 52.77 (164.96) 24.03 (46.91) 0.998 0.312
IL_10 (pg/ml) 1 (0.4) 0.5 (0.7) 0.49 (0.52) 0.49 (0.93) 0.994 0.975
IL-15 (pg/ml) 1 (0.4) 2.5 (0.7) 2.48 (0.79) 2.41 (0.5) 0.925 0.64
TNF-α (pg/ml) 1 (0.4) 4.9 (12.4) 4.84 (12.07) 5.18 (13.18) 1.001 0.894
IFN-γ (pg/ml) 1 (0.4) 7.4 (40.3) 8.52 (47.71) 4.43 (4.69) 0.984 0.481
BDNF (pg/ml) 1 (0.4) 15,154.1 (15,296.2) 14,990.33 (15,037.87) 15,560.04 (16,021.06) 1 0.801
CCL2 (pg/ml) 2 (0.8) 294.6 (110.9) 288.83 (114.12) 304.91 (107.25) 1.001 0.528
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for goodness of fit evaluation, however, a common interpretation is that 
a value of 0.5 means that the model is no better than random chance, 
over 0.7 indicates a good model and over 0.8 indicates a strong model. It 
has several pitfalls, primarily that it remains time dependent, so it is not 
necessarily the best metric (Longato et al., 2020), and Harrell’s esti
mator not the only implementation, but it is the metric implemented in R 
in common for all the methods we used.

3. Results

Our study sample consisted of 247 patients with schizophrenia, 
among whom 71 (28.7 %) experienced at least one psychotic relapse 
during the follow-up interval and 176 (71.3 %) did not. The mean 
duration of follow-up was 20 months and mean time to relapse was 15.6 
months (Supplementary Fig. 1). When first comparing the patients from 
these two groups (Table 1, significance threshold p-value <0.1) we 
found that relapsing individuals were older, were more frequently 
smokers, exhibited higher positive and general symptomatology symp
toms, lower general functioning, and higher levels of IL-10 in serum 
(Table 1, significance threshold p-value <0.1).

Subsequently, while using the univariate Cox regression, we identi
fied age, tobacco, age of first psychotic episode, positive and general 
symptomatology, global assessment of functioning, depressive symp
toms and use of anticonvulsants associated with time to relapse. None of 
the tested inflammatory parameters was associated with time to relapse. 
Only tobacco remained significantly associated with time to relapse in 
the multivariable Cox regression model.

We then analyzed the same dataset using Cox penalized regression 
(Table 2). Considering a conservative VIP threshold of 80 %, we 
observed that sex, education, alcohol, cannabis, history of tobacco 
smoking, age of first psychotic episode, childhood trauma, positive and 
general symptomatology, general functioning, anticonvulsants, and 
serum levels of IL-8 were associated with time to relapse (Table 2). The 
predictive capability of the models, assessed using the C-index, was 
0.54.

Finally, we analyzed the dataset using survival random forests to 
identify the most important variables at predicting relapse (Fig. 1). This 
figure depicted the variable importance determined by shuffling its 
values and observing the impact on model accuracy. In decreasing order 
of importance were global assessment of functioning, tobacco, positive 
and depressive symptoms, age of first psychotic episode, and IL-8 serum 
levels were found in a decreasing order of importance. The predictive 
capability of the model assessed using the C-index was also 0.54.

Taken together, we observed that variables associated with relapse 
differed according to the statistical method and significance threshold. 
Among the 24 tested variables, being a former smoker seems to be the 
one most consistently associated with relapse (p-value <0.05 using both 
univariate and multivariable Cox regression; VIP > 90 % using penalized 
regression: second most important variable using random forests). 
General functioning, and positive symptoms were also consistently 
associated with relapse using univariate Cox regression (p-value <0.1) 
and penalized regression (VIP > 85 %) and were the first and the fourth 
most important variables using random forests respectively. General 
symptomatology was associated with relapse using both univariate Cox 
regression (p < 0.1) and penalized regression (VIP > 80 %) and was the 
seventh most important variable using random forests. Age of first 
psychotic episode was associated with relapse using univariate Cox 
regression (p < 0.1), and penalized regression (VIP > 85 %) and was the 
sixth most important variable using random forests. Depression symp
toms were associated with relapse using univariate Cox regression (p <
0.1), and penalized Cox regression (VIP > 75 %) and was the fourth most 
important variable using random forests. Among the other clinical var
iables, anticonvulsants, age, sex, education, and cannabis were also 
associated with relapse but not consistently according to the different 
statistical methods. As for the nine inflammatory biological variables 
that were tested, IL-8 was associated with relapse using penalized 

regression (VIP > 80 %) and was the sixth most important variable using 
random forests.

When two other definitions of relapse were tested (hospitalization 
alone or the combination of h), we found that the results for clinical 
factors were generally consistent with those from the first definition, 
although some factors, such as a history of suicide attempts, emerged as 
predictors. Regarding inflammatory markers, BDNF was identified as 
important when relapse was defined solely by hospitalization, whereas 
TNF-⍺ and IL-7 were relevant for the combined definition of relapse 
(hospitalization + acute episode). However, similar to IL-8, their esti
mates were close to 1, reinforcing the idea that inflammatory markers 
are likely not reliable biomarkers for predicting the severity of schizo
phrenia (results not shown).

Table 2 
Association between clinical and inflammatory biological variables and relapse 
measured using penalized Cox regression. Data were obtained on 40 multiple 
imputed (MI) datasets and for 1000 Bootstraps in each imputation. Hazard Ra
tios, 95 % Confidence Interval (CI) and Variable Inclusion Probability (VIP) are 
shown. Variables with a VIP >0.80 are highlighted. PPANSS, Positive and 
Negative Syndrome Scale (PANSS) positive subscale; NPANSS, PANSS negative 
subscale; GPANSS, General Psychopathology subscale of the PANSS.

Hazard 
ratio

95 %CI VIP

Age 1.012 [0.483,1.848] 0.695
Body mass index (BMI) 1.014 [0.933,1.1] 0.745
Sex Female 1.362 [0.867,3.494] 0.806
Sex Male 0.832 [0.511,1.066] 0.801
Education 0.932 [0.776,1.086] 0.818
Metabolic syndrome No 1.142 [0.635,2.39] 0.739
Metabolic syndrome Yes 0.937 [0.606,1.257] 0.733
Substance abuse No 0.706 [0.19,1.405] 0.754
Substance abuse Yes 1.231 [0.844,2.571] 0.75
Alcohol No 0.802 [0.32,1.545] 0.796
Alcohol Yes 1.14 [0.813,1.857] 0.789
Canabis No 1.667 [0.981,5.766] 0.83
Canabis Yes 0.727 [0.352,1.004] 0.825
Tobacco Past 2.981 [1.111,12.009] 0.909
Tobacco Yes 0.958 [0.399,1.96] 0.337
Tobacco No 0.684 [0.272,1.041] 0.634
Suicide attempts No 0.948 [0.485,2.163] 0.765
Suicide attempts Yes 1.022 [0.686,1.548] 0.762
Age First psycothic episode (FPE) 1.051 [0.626,2.087] 0.871
Nb psychotic episodes 0.997 [0.939,1.034] 0.743
Disease duration 0.999 [0.501,2.3] 0.552
Lifetime hospitalization No 0.934 [0.442,1.822] 0.744
Lifetime hospitalization Yes 1.029 [0.725,1.587] 0.735
Childhood Trauma Questionnaire 

(CTQ) 1.013 [0.986,1.047] 0.818
Medication adherence score (MARS) 1.053 [0.847,1.324] 0.746
PPANSS 1.023 [0.947,1.104] 0.883
NPANSS 0.956 [0.881,1.01] 0.743
GPPANSS 1.025 [0.983,1.103] 0.838
Global Assessment of Functioning 

(GAF) 0.976 [0.929,1] 0.912
Depressive symptoms (CALGARY) 1.022 [0.903,1.137] 0.779
Antidepressants No 1.025 [0.61,1.982] 0.728
Antidepressants Yes 0.999 [0.699,1.359] 0.723
Anticonvulsant No 0.805 [0.37,1.586] 0.828
Anticonvulsant Yes 1.141 [0.81,1.796] 0.815
Benzodiazepines No 1.109 [0.638,2.328] 0.744
Benzodiazepines Yes 0.961 [0.638,1.28] 0.742
IL-6 1.011 [0.656,1.191] 0.669
IL-7 0.982 [0.915,1.044] 0.78
IL-8 0.998 [0.989,1.001] 0.829
IL-10 1.136 [0.284,2.654] 0.772
IL-15 0.886 [0.502,1.811] 0.771
TNF-⍺ 1.005 [0.875,1.142] 0.641
IFN-γ 0.996 [0.911,1.04] 0.779
BDNF 1 [1,1] 0.73
CCL2 1 [0.997,1.004] 0.727
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4. Discussion

The main objective of this study was to develop a model to predict 
relapse and to identify clinical and inflammatory parameters associated 
with relapse in schizophrenia. To this aim, we have used several 
methods: classical univariate and multivariable Cox regressions, multi
variable Cox penalized regression and survival random forests to 
analyze clinical and inflammatory biological data, collected from 247 
patients with schizophrenia, which have been followed annually for 3 
years in the FondaMental Expert Centers.

Our results showing that substance use disorders, particularly 
alcohol and cannabis, as well as lower functioning and higher depressive 
symptoms, were risk factors for relapse confirm the extent previous 
literature on clinical risk for relapse in schizophrenia (Porcelli et al., 
2016; Lecomte et al., 2019; Abdel-Baki et al., 2011). Further, data are 
also consistent about the identification of lower education level as a risk 
factor for poor outcome. Consistently, several studies have shown that 

pre-morbid function, including the educational attainment, the work 
position and the social adjustment before the onset of SCZ symptoms, 
are strongly associated with relapse (Dunn et al., 2008; Maramis et al., 
2022; Fond et al., 2019). Male gender was found to be associated with a 
higher risk of relapse on most studies (Grossman et al., 2008; Porcelli 
et al., 2016), which is not consistent with our results. While the asso
ciation between smoking and schizophrenia is known for several de
cades (Ding and Hu, 2021), Schoretsanitis et al. and our study are the 
firsts to report that it is an important risk factor for time to relapse too 
(Schoretsanitis et al., 2022). However, our study failed to identify 
adherence to medication as a factor associated with time to relapse 
whereas poor adherence to oral antipsychotic medications has been 
largely demonstrated in the literature.

In the present study, only IL-8 was found to be a predictor of time to 
relapse. Such observation could be explained by the dual function of IL-8 
which is both a cytokine and a chemoattractant known to attract im
mune effector cells toward a site of inflammation. The difference in IL-8 
levels between relapsers and non-relapsers could be interpreted in two 
ways. First, IL-8 could serve as a state biomarker associated with the 
probability of relapse. Alternatively, this association may suggest that 
changes in IL-8 could indicate that relapse is on the way. Only two recent 
studies, to our knowledge, have investigated whether inflammatory 
parameters could predict relapse in longitudinal analysis including SZ 
individuals and found no significant associations (Pillai et al., 2018; 
Miller et al., 2023). In a longitudinal cohort of 221 individuals with 
schizophrenia, followed-up for 30 months, Pillai et al. found no associ
ation between BDNF, the only markers studied, and the risk of relapse. 
More recently, using the same cohort, Miller et al. found that IL-2, IL-4 
IL-6, IL-8, IL-10, tumor necrosis factor (TNF)-α, IFN-γ, and granulocyte- 
macrophage colony-stimulating factor (GM-CSF) were not predictive 
markers of relapse. While we observed a statistically significant associ
ation between changes in IL-8 levels and relapse, it should be noted that 
the effect size was extremely low and may not reflect any meaningful 
biological or clinical difference. Even if it did, it may not be clinically 
useful.

As for the predictive capabilities of the different models, the C-index 
were 0.54 for penalized Cox regression and random forests model. While 
the statistical methods that we have used allowed for identifying vari
ables consistently associated with relapse in schizophrenia, the predic
tive capabilities of these models were low. Previous work on this dataset 
also achieved modest prediction metrics (accuracy 63.8 %, sensitivity 
71.0 % and specificity 44.8 %) with a different technique and panel of 
predictors (Fond et al., 2019). It shows that associations do not by 
themselves support conclusions outside of the recruitment setting. In 
many cases, unusually strong associations only offer the allure of asso
ciations that may generalize to new individuals and contexts. Prediction 
raises the bar in aiming at successful generalization, by building a model 
to encapsulate predictive principles from one cohort (or train dataset) 
and then explicitly testing for generalization by model-derived quanti
ties in every individual of a second, unseen cohort (or test dataset). This 
goal of clinical outcome prediction in patients who have not yet been 
observed is not well aligned with the focus of replication analysis.

Conflating association and prediction have generated much misun
derstanding and myriads of studies irrelevant for clinical decision- 
making (Bzdok and Ioannidis, 2019). Strategies to evaluate trust
worthy generalizations beyond the model development setting are 
strategies of criticizing whether associations can predict clinical end 
points in new individuals. This study reinforces the statement that “as
sociation is not prediction” as emphasized by several authors in the field 
on predictive medicine (Bzdok et al., 2021).

Our study has several strengths including a longitudinal design, the 
use of both clinical and inflammatory parameters and used a diverse 
range of prediction methodologies. Despite the effort in collecting the 
data, the study dataset consisted of 247 individuals among whom 71 
relapsed. There is a clear imbalance in the outcome classes, with 28.7 % 
of patients relapsing and 71.3 % not. The problem with unbalanced 

Fig. 1. Variable importance determined using survival random forests. The 
variable importance of individual clinical and inflammatory biological vari
ables is shown. The importance of a variable is determined by shuffling its 
values and observing the impact on model accuracy. The presence of values to 
the right of zero (with red colors) means that these variables increase model 
accuracy when included, contribute positively to prediction performance, 
higher values indicating more important predictors. On the opposite, presence 
of values to the left of zero (with blue colors) means that variables decrease 
model accuracy when included and suggests that removing the variable might 
improve the model. BMI, Body mass Index; FPE, First Psychotic Episode; Hos
pitalization LT, Lifetime Hospitalization; CTQ, Childhood Trauma Question
naire; MARS, Medication Adherence Rating Scale; PPANSS, Positive and 
Negative Syndrome Scale (PANSS) positive subscale; NPANSS, PANSS negative 
subscale; GPANSS, General Psychopathology subscale of the PANSS; GAF, 
Global Assessment of Functioning scale; CALGARY, Calgary Depression Scale 
for Schizophrenia; (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)
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datasets is that most evaluation metrics, including the C-Index, may be 
unable to portrait the real performance of the model. The model will 
display a tendency to classify every individual in the majority class, 
leading to a high-performance metrics (Shi et al., 2022). There are 
methodologies such as the Synthetic Minority Oversampling Techniques 
Nominal Continuous (SMOTE-NC) (Shi et al., 2022) and the bootstrap- 
based technique Random Over-Sampling Examples (ROSE) (Menardi 
and Torelli, 2014) that artificially generate new samples of the minority 
classes. We implemented both methodologies (results not shown) 
without gain or loss in terms of predictive performance.

Additionally, the number of predictors variables available in the 
present dataset is substantial, in particular if we consider the number of 
individuals and the number of events, with a ratio of 3 events per var
iable. Classic theory of statistical models is well established if the set of 
independent variables is small, however, if we have a large number of 
candidate variables (Chowdhury and Turin, 2020), the results of clas
sical statistics analysis need to be interpreted with caution (Vittinghoff 
and McCulloch, 2007). We needed therefore to establish a variable se
lection strategy. The classical method in epidemiology is to start with a 
univariate analysis, implementing a regression model of choice for each 
variable, and using a pre-defined significance threshold to select vari
ables to proceed for a multivariable step. There is an extended literature 
discussing the dangers of using any of the forward, backwards or step
wise selection methodologies (Smith, 2018) and therefore we refrained 
from doing so. Relatively recent theoretical approaches such as penal
ized regression methods, perform variable selection while handling 
important issues of multicollinearity and selection bias, that mask the 
capabilities of variables to be identified as important, and are still 
relatively straightforward to interpret (Greenwood et al., 2020). We 
implemented the classical univariate strategy, a penalized version of Cox 
regression and Random forests (a prediction orientated framework), to 
highlight disparities in the results. Another limitation of this work is that 
we did not consider other variables that could be potentially associated 
with time to relapse, such as those related to cognition, the potential role 
of air pollution (Pignon et al., 2022) and other environmental variables, 
neither did we explore the existence of competing risks to relapse, the 
main event.

4.1. Conclusion

To summarize, we have found numerous clinical and biological 
variables which were consistently associated with relapse across three 
distinct statistical methods. However, despite these associations, the 
predictive capacity of these models remained low, highlighting a sig
nificant disparity between association and prediction.
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Godin: Writing – original draft, Validation, Supervision, Methodology, 
Conceptualization.

Declaration of competing interest

The authors declare that they have no competing interests.

Acknowledgments

We thank all the patients who participated in the study. The work 
was funded by grants from the International IF foundation (RT), Fon
dation de France (NG), Fondation FondaMental and the Université Côte 
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F1,2,3, Szöke A1,2,3, Tessier A6, Urbach M18, Very E16, Zinetti-Bertschy 
A10

S. Barbosa et al.                                                                                                                                                                                                                                 Progress in Neuropsychopharmacology & Biological Psychiatry 137 (2025) 111304 

7 



Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.pnpbp.2025.111304.

Data availability

Data will be made available on request.

References

Abdel-Baki, A., Lesage, A., Nicole, L., Cossette, M., Salvat, E., Lalonde, P., 2011. 
Schizophrenia, an illness with bad outcome: myth or reality? Can. J. Psychiatry Rev. 
Can. Psychiatr. 56 (2), 92–101.

Abram, S.V., Helwig, N.E., Moodie, C.A., DeYoung, C.G., MacDonald, A.W., Waller, N.G., 
et al., 2016. Bootstrap enhanced penalized regression for variable selection with 
neuroimaging data. Front. Neurosci. 10, 344.

Almond, S., Knapp, M., Francois, C., Toumi, M., Brugha, T., 2004. Relapse in 
schizophrenia: costs, clinical outcomes and quality of life. Br. J. Psychiatry 184 (4), 
346–351.

Alvarez-Jimenez, M., Priede, A., Hetrick, S.E., Bendall, S., Killackey, E., Parker, A.G., 
et al., 2012. Risk factors for relapse following treatment for first episode psychosis: a 
systematic review and meta-analysis of longitudinal studies. Schizophr. Res. 139 
(1–3), 116–128.

Benros, M.E., Waltoft, B.L., Nordentoft, M., Ostergaard, S.D., Eaton, W.W., Krogh, J., 
et al., 2013. Autoimmune diseases and severe infections as risk factors for mood 
disorders: a nationwide study. JAMA Psychiatry 70 (8), 812–820.

Brown, A.S., 2015. The Kraepelinian dichotomy from the perspective of prenatal 
infectious and immunologic insults. Schizophr. Bull. 41 (4), 786–791.

Bzdok, D., Ioannidis, J.P.A., 2019. Exploration, inference, and prediction in neuroscience 
and biomedicine. Trends Neurosci. 42 (4), 251–262.

Bzdok, D., Varoquaux, G., Steyerberg, E.W., 2021. Prediction, not association, paves the 
road to precision medicine. JAMA Psychiatry 78 (2), 127–128.

Chowdhury, M.Z.I., Turin, T.C., 2020. Variable selection strategies and its importance in 
clinical prediction modelling. Fam. Med. Commun. Health 8 (1), 262.

Ding, J.B., Hu, K., 2021. Cigarette smoking and schizophrenia: etiology, clinical, 
pharmacological, and treatment implications. Schizophr. Res. Treat 2021.

Drexhage, R.C., Padmos, R.C., de Wit, H., Versnel, M.A., Hooijkaas, H., der Lely, A.J. van, 
et al., 2008. Patients with schizophrenia show raised serum levels of the pro- 
inflammatory chemokine CCL2: association with the metabolic syndrome in 
patients? Schizophr. Res. 102 (1–3), 352–355.

Dunn, E.C., Wewiorski, N.J., Rogers, E.S., 2008. The meaning and importance of 
employment to people in recovery from serious mental illness: results of a qualitative 
study. Psychiatr. Rehabil. J. 32 (1), 59–62.

Efthimiou, O., Taipale, H., Radua, J., Schneider-Thoma, J., Pinzón-Espinosa, J., 
Ortuño, M., et al., 2024. Efficacy and effectiveness of antipsychotics in 
schizophrenia: network meta-analyses combining evidence from randomised 
controlled trials and real-world data. Lancet Psychiatry 11 (2), 102–111.

Emsley, R., Chiliza, B., Asmal, L., Harvey, B.H., 2013. The nature of relapse in 
schizophrenia. BMC Psychiatry 13, 50.

Fitton, R., Sweetman, J., Heseltine-Carp, W., van der Feltz-Cornelis, C., 2022. Anti- 
inflammatory medications for the treatment of mental disorders: a scoping review. 
Brain Behav. Immun. Health 26.

Foiselle, M., Barbosa, S., Godin, O., Wu, C.L., Boukouaci, W., Andre, M., et al., 2022. 
Immuno-metabolic profile of patients with psychotic disorders and metabolic 
syndrome. Results from the FACE-SZ cohort. Brain Behav. Immun. Health 22.

Fond, G., Boyer, L., Boucekine, M., Aden, L.A., Schürhoff, F., Tessier, A., et al., 2017. 
Validation study of the medication adherence rating scale. Results from the FACE-SZ 
national dataset. Schizophr. Res. 182, 84–89.

Fond, G., Bulzacka, E., Boucekine, M., Schürhoff, F., Berna, F., Godin, O., et al., 2019. 
Machine learning for predicting psychotic relapse at 2 years in schizophrenia in the 
national FACE-SZ cohort. Prog. Neuropsychopharmacol. Biol. Psychiatry 92, 8–18.

George, B., Seals, S., Aban, I., 2014. Survival analysis and regression models. J. Nucl. 
Cardiol. Off. Publ. Am. Soc. Nucl. Cardiol. 21 (4), 686.

Godin, O., Leboyer, M., Schürhoff, F., Llorca, P.M., Boyer, L., Andre, M., et al., 2018. 
Metabolic syndrome and illness severity predict relapse at 1-year follow-up in 
schizophrenia: the FACE-SZ cohort. J. Clin. Psychiatry 79 (6).

Greenwood, C.J., Youssef, G.J., Letcher, P., Macdonald, J.A., Hagg, L.J., Sanson, A., 
et al., 2020. A comparison of penalised regression methods for informing the 
selection of predictive markers. PloS One 15 (11), e0242730.

Grossman, L.S., Harrow, M., Rosen, C., Faull, R., Strauss, G.P., 2008. Sex differences in 
schizophrenia and other psychotic disorders: a 20-year longitudinal study of 
psychosis and recovery. Compr. Psychiatry 49 (6), 523–529.

Hui, C.L.M., Tang, J.Y.M., Leung, C.M., Wong, G.H.Y., Chang, W.C., Chan, S.K.W., et al., 
2013. A 3-year retrospective cohort study of predictors of relapse in first-episode 
psychosis in Hong Kong. Aust. N. Z. J. Psychiatry 47 (8), 746–753.

Iniesta, R., Stahl, D., McGuffin, P., 2016. Machine learning, statistical learning and the 
future of biological research in psychiatry. Psychol. Med. 46 (12), 2455–2465.

Kuhn, M., 2008. The caret Package. Journal of statistical package 28 (5).
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