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[bookmark: _Toc194995737]S1. Supplementary methods
[bookmark: _Toc194995738]S1.1 Data collection
[bookmark: _Hlk166158363]The RER-FEP database was developed and maintained by the coordinating centre of Modena (Ferrara et al. 2019). Data was linked with those from the regional administrative database from the Emilia-Romagna regional health office, allowing to verify the potential presence of additional subjects who had not been screened for the FEP program, to validate sociodemographic data (e.g. country of birth, municipality of residence). The RER-FEP database contains sociodemographic and clinical assessments collected by clinicians from out- and inpatient centres across local Health Trusts of nine provinces (Bologna, Ferrara, Forlì-Cesena, Modena, Parma, Piacenza, Ravenna, Reggio Emilia, Rimini). 
The HoNOS data comprises 12 items assessing behaviour (item 1 – 3), impairment (4 – 5), mental symptoms (6 – 8) and social functioning (9 – 12) in the period preceding first contact with mental health services (Lora et al. 2001). Each Mental Health Department held regular meetings of the FEP team in order to coordinate clinical action and assessments, with yearly training sessions to improve inter-rater reliability.

[bookmark: _Toc194995739]S1.2 Spatial data and information on predictors
Geographical data for the Emilia-Romagna region was retrieved from the 1.4.1 mapping R package (Serafini e Ferrara 2023). Data is relative to 2018, where the region was divided into 331 municipalities. Adjustment were made to accommodate few instances where municipalities were joined over the study period. In such cases, the average of joined municipalities characteristics was used for the resulting one. Population density per each study year was calculated as the total number of inhabitants per square kilometre, and log-transformed.
[bookmark: _Hlk161344336]Information on deprivation was obtained from the Istat 2011 census (ISTAT Italian Institute of Statistics 2020). We followed the protocol of a recent study which used a range of deprivation indices from the social, economic, housing and education domains at the level of municipality to elaborate a global deprivation index (Caranci et al. 2010; Rosano et al. 2020). The global deprivation index was derived from: 1) percentage of the population aged 15-60 having elementary education or less (henceforth “educational deprivation”); 2) percentage of the population unemployed or seeking first employment; 3) mean house occupancy per 100 square meters; 4) percentage of people living in rented accommodation; 5) proportion of single-parent households with underage children. All indices were transformed into z-scores. In preliminary analyses, the educational deprivation index was less strongly correlated with other indices and with the global deprivation index (R = 0.283, other indices all R > 0.600). Therefore, we examined the role of educational deprivation in addition to the global deprivation index. 
[bookmark: _Hlk166514541]The economic inequality index was computed based on the top income share principle (OECD Data 2024; Piketty e Saez 2014), specifically the ratio between the percentage of subjects in the top two income brackets (75 thousand to 120 thousand euros; 120 thousand euros per year, and over) divided by the percentage of subjects in the lowest bracket (less than 10 thousand euro per year).
The presence of migrants in each municipality was expressed as the proportion of persons born outside Italy over the total population, per each year. This was interpreted as an index of migrant density (Boydell et al. 2001). Data was retrieved from the Italian national census (ISTAT Italian Institute of Statistics 2020).
Data on cannabis use was derived from the ESPAD 2019 census (Benedetti et al. 2021). The survey assessed the use of cannabis use in high schoolers among 15 and 19 years of age, at the provincial level. Among different indices (use in lifetime, last year, last month) we adopted the percentage of frequent cannabis use, that is, having reported use in the last 30 days with a frequency equal or higher than 20 times. Frequency of cannabis use has been identified as a contributor to the variability of FEP incidence (Di Forti et al. 2019).

[bookmark: _Toc194995740]S1.3 Data preparation
To examine the effect of socioeconomic factors on incidence, the unit of analysis was established at the level of the 331 municipalities from the nine provinces of the Emilia-Romagna region. To examine the effect of socioeconomic factors on individual characteristics, the unit of analysis was established at the participant level, matched with the socioeconomic data from the corresponding municipality of residence in the year of psychosis onset (except for deprivation indices, which was constant across years).
To analyse the impact of socioeconomic factors on individual social functioning and resource availability we used HoNOS clinical ratings (items 9-12). We first examined the groupings of HoNOS items using network analyses, and the reciprocal relationship of the underlying latent clinical dimensions. We explored the HoNOS data generating mechanism and the dimensionality of data of the 12 items, focusing on those relative to individual problems (item 9 -12). First, we used the Loadings Comparison Test to infer whether clinical data was more likely to be generated from a network structure (assuming mutual causality of individual traits measured by items) or from a latent variable structure (assuming latent factor(s) acting as common cause of interchangeable indicators) (Belvederi Murri et al. 2022; van Bork et al. 2021; Golino e Christensen 2020). According to the more probable data generating mechanism, we reduced data using factor or network analyses plus hierarchical Exploratory Graph Analysis to identify the latent clinical traits (Belvederi Murri et al. 2022; Samo et al. 2022). This strategy has the advantage of reducing the impact of measurement error.

[bookmark: _Toc194995741]S1.4 Directed Acyclic Graphs  
We employed a causal inference approach to the research questions (Lipsky e Greenland 2022). This method aims to reduce the risk of bias when estimating the causal effect of exposures (in this case, socioeconomic factors) on outcomes (in this study, FEP incidence and individual characteristics). We used Directed Acyclic Graphs (DAGs) to exemplify and illustrate our causal assumptions transparently and a-priori. This approach has two important advantages: (1) DAGs allow other researchers to evaluate the underlying causal model in detail, and propose alternative hypotheses. For this purpose, we have included a link to a modifiable versions of the DAG in the figure legend, so that readers can each assumption and the impact of changes to the assumed causal structure; (2) DAGs allow to determine which variables represent confounders, colliders and/or mediating variables in each analysis. This point is particularly relevant for our study, since it comprises a high number of exposure and outcome variables. In such cases it would be incorrect to perform a single multivariable model (e.g. deprivation, population density and migrant density as exposures, FEP incidence as outcome) and interpret each exposure coefficient as an estimate of its causal effect on the outcome (Westreich e Greenland 2013). Whereas, the DAG is analysed with logic rules to determine which variables function as confounders, colliders, mediators (or neither) for each couple of exposure and outcome. Thus, we obtain the minimal adjustment set that is more appropriate for each separate model (e.g. the model of the effect of deprivation on incidence, the model of the effect of population density on incidence, and so on). Of note, we sought to identify the total effect of each exposure on each outcome, thus identified adjustment sets generally do not include mediating variables. 
To build the DAG, three researchers (MBM, AO, CP) performed a literature review using pertinent keywords (psychosis, schizophrenia, first-episode psychosis, deprivation, inequality, economic, population density, cannabis, spatial analysis). We sought to identify literature that examined the relationships between socioeconomic factors, first episode psychosis incidence and characteristics. We selected literature reviews and studies with high methodological quality (e.g. comprehensive approach to socioeconomic factors, accounting for spatial distribution). We were also interested in identifying causal pathways or plausible mechanisms linking them (e.g. putative mediators). Given the above considerations on the “Table 2 fallacy” (Westreich e Greenland 2013), and considering the notable geographic heterogeneity of sociodemographic risk factors (Jongsma et al. 2018, 2019; Kirkbride et al. 2024), we adopted an inclusive approach for the inclusion of candidate causal links, rather than considering only nominally significant associations. If disagreements developed re. the role of a variable (e.g. economic deprivation causing economic inequality or vice-versa), we solved it by discussion, while considering the level and timeframe of measurement of each variable. As a necessary approximation, we did not explicitly account for the role of genetic factors. The DAGs were elaborated with the dagitty web application (https://dagitty.net/) and the corresponding R software package (Textor, Hardt, e Knüppel 2011).


[bookmark: _Toc194995742]S1.5 Bayesian multilevel models
[bookmark: _Hlk161430054]In a preliminary analysis, we used the geostan package to explore whether FEP incidence was characterized by meaningful spatial autocorrelation, which is common working with spatial data (Donegan 2022). The relationship between each exposure and incidence was analysed using models of increasing complexity, adjusting for gender, year and the minimal sufficient set of confounders identified by the DAG (ST 2). We compared: 1) a simpler hierarchical model, where incidence was nested only within municipalities; 2) a hierarchical two-level model where municipalities were nested within provinces. This would account for potential variability due to further differences between each local healthcare agency in the detection of FEP; 3) a modified Besag York Mollié (BYM2) model that accounts for both space- and time- related dependencies and autocorrelation (Morris et al. 2019; Riebler et al. 2016). If simpler models converged, we also: 1) allowed the intercept and the slopes of predictors to vary by municipality and/or province introducing them as random effects; 2) tested a location-scale model where also the variance of incidence was allowed to vary across municipalities (i.e. with a “shape ~ 1 + (1 | municipality)” formula); 3) tested whether the density of larger cities (provincial capitals and others) might have distinct predictive value that would improve the models, by adding an interaction term between socioeconomic predictors and population density. We used out-of-sample predictive accuracy using Leave-One-Out Cross Validation (LOO-CV) to compare model accuracy and select the final model to report (Bürkner, Gabry, e Vehtari 2021). Models were run on four chains, with 7000 iterations each (1000 discarded) using default uninformative priors. Model were checked for convergence using conventional indices and visually.
The analysis of the relationship between socioeconomic factors and FEP characteristics was based on a similar analytic approach, although we did not test spatial autocorrelation and interactions. Here, outcome distributions were based on lognormal (age of onset and DUP), cumulative (HoNOS items of family and resource problems) and Bernoulli (substance use, unemployment, migrant status) distributions.


[bookmark: _Toc194995743]S2. Supplementary results
[bookmark: _Toc194995744]S2.1 Literature review
Here, we summarise the main findings of the literature review on the association between socioeconomic factors, FEP incidence and characteristics. 

[bookmark: _Toc194995745]S2.1.1 Urbanicity, density
Systematic reviews of studies examining the correlation between urbanicity and psychosis confirm the link between urbanicity (urban birth or upbringing, urban living), and psychotic disorders (Grover, Varadharajan, e Venu 2024; March et al. 2008). The association seems highly variable across geographic areas, and might depend on other factors such as area-level deprivation, migrant density and social fragmentation (Grover et al. 2024). Relevant hypotheses in this regard are social causation, social drift or social selection processes (Kirkbride, Hameed et al. 2017).

[bookmark: _Toc194995746]S2.1.2 Area level deprivation
Socioeconomic disadvantage, especially when encountered in neurodevelopmental age, is associated with worse mental health outcomes (Kirkbride et al. 2024; Reiss 2013). More specifically for psychosis, a review of 28 studies found a strong and highly replicated association between social deprivation at birth and higher risk of psychotic disorders (O’Donoghue, Roche, e Lane 2016). Recently a study in turkey found a relationship between indices of economic disadvantage and the onset and persistence of psychotic experiences, and with the progression along the extended psychosis phenotype (Binbay, Erel et al. 2023).
The explanations for this finding include both neighbourhood-level characteristics (weaker social cohesion, higher crime rates, higher availability of illicit drugs) and individual characteristics (higher stress due to greater family problems and frequent residential mobility). A subsequent study showed that deprivation during upbringing was correlated with increased risk of serious mental illness using a rigorous methodology (Logeswaran, Dykxhoorn et al. 2023), similarly to the series of reports from the East Anglia SEPEA study (Kirkbride, Jones et al. 2014, Kirkbride, Stochl et al. 2015, Kirkbride, Hameed et al. 2017). Area-level deprivation might cause an increase of psychosis incidence also by increasing illicit drugs availability and use in the population (Morgan e Mall 2019). We hypothesized that area level deprivation might specifically influence the likelihood of observing greater economic problems among participants and/or relational problems. Finally, more deprived areas may be characterized by relative lack of resources for mental health services (in part due to greater demands by the population) and possible cultural factors which might result in different referral systems a longer DUP (Schultze-Lutter et al. 2015). In a recent study this was found to be independent of demographic factors (Reichert e Jacobs 2018). Similarly, economic prosperity at the national level has been linked with notable differences in the DUP (Large et al. 2008). Finally, deprivation has been linked with differences in psychotic symptom severity or profiles (e.g. paranoia, but not hallucinations or hypomania) (Wickham, Taylor et al. 2014). 

[bookmark: _Toc194995747]S2.1.3 Area level inequality
Income inequality is linearly associated with higher rates of mental illness in high income countries (Marbin et al. 2022; Pickett e Wilkinson 2010; Tibber et al. 2022). Considering psychosis, incidence rates has been found to be significantly higher in areas with higher income inequality, even accounting for indices of multiple deprivation in the East Anglia study, which analysed data at the neighbour level (Kirkbride, Jones et al. 2014, Kirkbride, Hameed et al. 2017). Data from the Welsh Health Survey showed, however, a complex pattern of association between income inequality and the prevalence of common mental disorders at different area level of analysis, so that: 1) within neighbourhoods with low deprivation, income inequality was associated with better mental health. Income inequality, of note, was inversely correlated with deprivation at the neighbour level; 2) the positive relationship between inequality and mental disorders was drastically reduced after adjusting for overall economic deprivation (income); 3) at the larger regional level, higher inequality was associated with significantly poorer mental health, in contrast to findings at the neighbourhood level (Fone, Greene et al. 2013). This stresses the need to account for multiple levels of analysis and for both deprivation and inequality.
No significant association was detected between inequality and cannabis use in a study from Germany (Henkel and Zemlin 2016) or with substance use in general (Morgan e Mall 2019) However, there is limited research on the subject. We also found limited research on the effect of inequality on other individual risk factors for psychosis. 

[bookmark: _Toc194995748]S2.1.4 Area level ethnic background, cultural and educational factors
The role of stigma and mental health literacy 
Lower neighbourhood education was correlated with higher risk of Relational problems such as child maltreatment and intimate partner violence (Gracia, López-Quílez et al. 2018). In general, higher education is bidirectionally associated with better mental health, reductions in suicide attempts (Rosoff et al. 2020).
Relational problems cause lower education (Myhr, Lillefjell et al. 2017). Individual education is higher in higher education families (Myhr, Lillefjell et al. 2017), no paper about correlation between area level (family=proxy?) and individual level education. We found no studies about the association between area level education and individual economic problems, educational attainment or individual mental health disorders. However, people from low education neighbourhoods had longer referral times to see a psychiatrist (Steele, Glazier et al. 2009). Lower area-level education was correlated with higher odds of alcohol use, but lower average daily alcohol consumption (Lê, Ahern et al. 2010). Marijuana use was higher in areas with higher education inequality (Galea, Ahern et al. 2007).

[bookmark: _Toc194995749]S2.1.5 Individual, familial economic or relational problems / adverse childhood experiences
There is abundant literature on individual social factors, such as loneliness, social isolation, and Adverse Childhood Experiences (ACEs) influencing psychosis incidence (Kirkbride et al. 2024; Stilo e Murray 2019) – in particular loneliness, perceived social support, and social network characteristics are deemed to influence psychosis risk (Pearce et al. 2023).
Considering economic difficulties, the 2010 Australian national survey of psychotic disorders (SHIP) found that 85% of patients with psychosis rely on a government benefit as their main source of income. Only 33% have any paid work over the course of a year (Morgan, Waterreus et al. 2017). The direction of this association however, is still debated, i.e. whether social causation or social drift/ social selection mainly drive this phenomenon. Recent evidence suggest that social causation may be particularly relevant for the development of psychosis among individuals living in deprived areas, but reverse causation pathways (e.g. social immobility) seems also relevant (Logeswaran et al. 2023). It remains to be established whether area-level deprivation causes an increase in psychosis risk by worsening individual economic resources.
Other relevant pathways for the effects of disadvantaged socioeconomic conditions are increases of childhood maltreatment, which was also related to poorer treatment outcomes in psychotic disorders (Thomas, Höfler et al. 2019). For instance, violence in the home context was found to be a predictor of psychosis, as part of cumulative traumas that lead augmented risk of psychosis (Shevlin, Houston et al. 2008). It may also have effects of anticipating the age at onset (Comacchio, Howard, et al. 2019; Comacchio, Lasalvia, e Ruggeri 2019). A proxy for ACEs and traumatic experiences might by poor family support or relational problems (Georgiades, Almuqrin et al. 2023).
Finally, cultural factors, such as area-level, family-level, or individual education may be linked with worse mental health literacy, and stigma or discriminative behaviour against individuals with mental health conditions (Eliasson et al. 2021; Sarraf, Lepage, e Sauvé 2022; Sum et al. 2024), lower family resiliency and lower family awareness of mental illness can be associated with insight related to the illness, treatment acceptance (Belvederi Murri e Amore 2018; Kudva et al. 2020) and with a longer treatment delay (Paquin-Goulet, Krishnadas et al. 2023).

[bookmark: _Toc194995750]S2.2 Development of the Directed Acyclic Graph
The following figure is the DAG used to illustrate the causal relationships relative to the incidence and characteristics of First Episode Psychosis in the population exposed to area-level sociodemographic and economic factors. The DAG encodes a set of causal assumptions between variables of interest. The red circles represent the area-level exposures (population density, socioeconomic deprivation, educational deprivation, area-level frequent cannabis use, migrant density, economic inequality). The blue circles represent the outcomes of the study (area incidence of FEP, age of onset, migrant status, unemployment, substance use, DUP, relational/family problems, resource problems). The yellow circles are other contextual and individual variables. The grey circles are unmeasured variables (resources of the Mental Health system, stigma towards mental health conditions). A manipulatable version of this DAG is available at https://dagitty.net/mLqheYnQr. Users can select different variables as the exposure and outcome to receive information on the minimal adjustment set of confounders in each analysis (reported in ST 3). 

[bookmark: _Toc194995751]SF 1. Analysis of HoNOS ratings 
[image: ]
The Network Analysis of HoNOS ratings (total of 12 items) revealed a more probable Network structure than a latent factor structure (Loadings Comparison Test: Factor: 16%, Network: 84%). The hierarchical Exploratory Graph Analysis with Louvain algorithm suggested that HoNOS data was organized into five lower-order communities and one higher-order community. The items of interest (#9, #11, #12) were distributed as follows: item #9 (interpersonal problems) in community 4 with items 10 and 8; item #11 and #12 (Living Conditions and Work and Leisure resource problems) in community 5. Thus, we analysed item #9 as a measure of interpersonal/relational problems, and a composite of item #11 and #12 as a measure of resource problems.






[bookmark: _Toc194995752]SF 2. Characteristics of individuals with First Episode Psychosis in Emilia-Romagna
[image: ]



[bookmark: _Toc194995753]SF 3. Correlation between sociodemographic indices[image: ]
[bookmark: _Toc194995754]SF 4. Sociodemographic indices: population density[image: ]










[bookmark: _Toc194995755]SF 5. Sociodemographic indices: global deprivation index
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[bookmark: _Toc194995756]SF 6. Sociodemographic indices: educational deprivation index
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[bookmark: _Toc194995757]SF 7. Sociodemographic indices: inequality index
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[bookmark: _Toc194995758]SF 8. Sociodemographic indices: migrant density (proportion of migrants)
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[bookmark: _Toc194995759]SF 9. Correlation between global deprivation index and educational deprivation index
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[bookmark: _Toc194995760]SF 10. Correlation between global deprivation index and inequality index[image: ]
[bookmark: _Toc194995761]SF 11. Correlation between global deprivation index and migrant density[image: ]
[bookmark: _Toc194995762]SF 12. Spatial distribution of cases of First Episode Psychosis over 7 years in Emilia-Romagna
[image: ]




[bookmark: _Toc194995763][bookmark: _Hlk159877563][bookmark: _Hlk160035664]ST 1. Model adjustment sets provided by DAG analysis
	Outcome
	Exposure
	Minimal Adjustment Set(s)
	Additional variables for stratification
	Final predictors in the model

	Incidence
	Population density
	-
	gender, year
	density + gender + year

	
	Deprivation
	{ density }
	gender, year
	deprivation + density + gender + year

	
	Deprivation education
	{ density, deprivation, migrant densitymigrant density }
	gender, year
	depriv_education + density + deprivation + migrant densitymigrant density + gender + year

	
	Economic inequality
	{ density, deprivation, migrant densitymigrant density }
	gender, year
	inequality + density + deprivation + migrant densitymigrant density + gender + year

	
	Migrant density (% migrants)
	{ density, deprivation }
	gender, year
	[bookmark: _Hlk192345132]migrant densitymigrant density + density + deprivation + gender + year

	
	Area-level cannabis use
	{ density, depriv_education, deprivation, migrant densitymigrant density }
	gender, year
	[bookmark: _Hlk192345148]density, depriv_education, deprivation, migrant density, gender, year 	Comment by Belvederi Murri Martino: Controllare qui e oltre

	
	
	
	
	

	Age at onset
	Population density
	-
	gender, year
	density + gender + year

	
	Deprivation
	{ density }
	gender, year
	deprivation + density + gender + year

	
	Deprivation education
	{ density, deprivation, migrant densitymigrant density } *
{ deprivation, inequality, migrant densitymigrant density }
	gender, year
	depriv_education + density + deprivation + migrant densitymigrant density + gender + year

	
	Economic inequality
	{ density, deprivation, migrant densitymigrant density } *
{ depriv_education, deprivation, migrant densitymigrant density }
	gender, year
	inequality + density + deprivation + migrant densitymigrant density + gender + year

	
	Migrant density (% migrants)
	{ density, deprivation }
	gender, year
	migrant densitymigrant density + density + deprivation + gender + year

	
	Area-level cannabis use
	{ density, depriv_education, deprivation, migrant densitymigrant density }
{ depriv_education, deprivation, inequality, migrant densitymigrant density }
	gender, year
	density, depriv_education, deprivation, migrant densitymigrant density

	
	
	
	
	

	Migrant
	Population density
	-
	gender, year
	density + gender + year

	
	Deprivation
	{ density }
	gender, year
	deprivation + density + gender + year

	
	Deprivation education
	{ density, deprivation, migrant densitymigrant density }
{ deprivation, inequality, migrant densitymigrant density }
	gender, year
	depriv_education + density + deprivation + migrant densitymigrant density + gender + year

	
	Economic inequality
	{ density, deprivation, migrant densitymigrant density }
	gender, year
	inequality + density + deprivation + migrant densitymigrant density + gender + year

	
	Migrant density (% migrants)
	{ density, deprivation }
	gender, year
	migrant densitymigrant density + density + deprivation + gender + year

	
	Area-level cannabis use
	{ deprivation, inequality, migrant densitymigrant density }
{ density, deprivation, migrant densitymigrant density }
	gender, year
	+ gender, year

	
	
	
	
	

	Unemployment
	Population density
	-
	gender, year
	density + gender + year

	
	Deprivation
	Density
	gender, year
	deprivation + density + gender + year

	
	Deprivation education
	{ density, deprivation, migrant densitymigrant density }
	gender, year
	depriv_education + density + deprivation + migrant densitymigrant density + gender + year

	
	Economic inequality
	{ density, deprivation, migrant densitymigrant density }
	gender, year
	inequality + density + deprivation + migrant densitymigrant density + gender + year

	
	Migrant density (% migrants)
	{ density, deprivation }
	gender, year
	migrant densitymigrant density + density + deprivation + gender + year

	
	Area-level cannabis use
	{ density, depriv_education, deprivation, migrant densitymigrant density }
	gender, year
	density, depriv_education, deprivation, migrant densitymigrant density

	
	
	
	
	

	Substance use
	Population density
	-
	gender, year
	density + gender + year

	
	Deprivation
	Density
	gender, year
	deprivation + density + gender + year

	
	Deprivation education
	{ density, deprivation, migrant densitymigrant density }
{ deprivation, inequality, migrant densitymigrant density }
	gender, year
	depriv_education + density + deprivation + migrant densitymigrant density + gender + year

	
	Economic inequality
	{ density, deprivation, migrant densitymigrant density }
{ depriv_education, deprivation, migrant density }
	gender, year
	inequality + density + deprivation + migrant density + gender + year

	
	Migrant density (% migrants)
	{ density, deprivation }
	gender, year
	migrant density + density + deprivation + gender + year

	
	Area-level cannabis use
	{ density, depriv_education, deprivation, migrant density }
{ depriv_education, deprivation, inequality, migrant density }
	gender, year
	density, depriv_education, deprivation, migrant density + gender, year

	
	
	
	
	

	
	
	
	
	

	DUP
	Population density
	-
	gender, year
	density + gender + year

	
	Deprivation
	{ density }
	gender, year
	deprivation + density + gender + year

	
	Deprivation education
	{ density, deprivation, migrant density }
{ deprivation, inequality, migrant density }
	gender, year
	depriv_education + density + deprivation + migrant density + gender + year

	
	Economic inequality
	{deprivation, migrant density }
	gender, year
	inequality + density + deprivation + migrant density + gender + year

	
	Migrant density (% migrants)
	{ density, deprivation }
	gender, year
	migrant density + density + deprivation + gender + year

	
	Area-level cannabis use
	{ density, depriv_education, deprivation, migrant density }
	
	density, depriv_education, deprivation, migrant density

	
	
	
	
	

	Relational problems
	Population density
	-
	gender, year
	density + gender + year

	
	Deprivation
	Density
	gender, year
	deprivation + density + gender + year

	
	Deprivation education
	{ density, deprivation, migrant density }
{ deprivation, inequality }
	gender, year
	depriv_education + density + deprivation + migrant density + gender + year

	
	Economic inequality
	{ density, deprivation, migrant density }
{ depriv_education, deprivation }
	gender, year
	inequality + density + deprivation + migrant density + gender + year

	
	Migrant density (% migrants)
	{ density, deprivation }
	gender, year
	migrant density + density + deprivation + gender + year

	
	Area-level cannabis use
	{ density, depriv_education, deprivation, migrant density }
{ deprivation, inequality, resource_problems }
{ depriv_education, deprivation, inequality }
	gender, year
	density, depriv_education, deprivation, migrant density + gender, year

	
	
	
	
	

	Resource problems
	Population density
	-
	gender, year
	density + gender + year

	
	Deprivation
	Density
	gender, year
	deprivation + density + gender + year

	
	Deprivation education
	{ density, deprivation, migrant density }
{ deprivation, inequality }
	gender, year
	depriv_education + density + deprivation + migrant density + gender + year

	
	Economic inequality
	{ density, deprivation, migrant density }
{ depriv_education, deprivation }
	gender, year
	inequality + density + deprivation + migrant density + gender + year

	
	Migrant density (% migrants)
	{ density, deprivation }
	gender, year
	migrant density + density + deprivation + gender + year

	
	Area-level cannabis use
	{ density, depriv_education, deprivation, migrant density }
{ depriv_education, deprivation, inequality }
	gender, year
	density, depriv_education, deprivation, migrant density + gender, year

	
	
	
	
	


 

[bookmark: _Toc194995764]ST 2. Associations between exposures and outcomes: incidence

	Outcome
	Exposure
	ML vs BYM2
	Estimate 

	Est.Error
	l-95% CI
	u-95% CI
	Rhat
	Bulk_ ESS
	Tail_ ESS
	Probability coefficient non-zero
	Conditional effect

	Incidence
	Population density
	ML
	0.10
	0.04
	0.02
	0.19
	1.00
	17795
	15054
	99% (+)
	[image: Immagine che contiene schermata, linea, Diagramma, diagramma

Descrizione generata automaticamente]

	[bookmark: _Hlk160028332]Incidence
	Deprivation index
	ML
	0.03
	0.03
	-0.02
	0.08
	1.00
	16027
	15201
	89% (+)
	[image: Immagine che contiene schermata, linea, diagramma, Diagramma

Descrizione generata automaticamente]

	Incidence
	Deprivation education
	ML
	0.13
	0.06
	0.00
	0.26
	1.00
	10963
	14651
	100% (+)
	[image: Immagine che contiene schermata, linea, Diagramma, diagramma

Descrizione generata automaticamente]

	Incidence
	Economic inequality
	ML
	0.57
	1.31
	-2.04
	3.08
	1.00
	19533
	16781
	67%  (+)
	

	Incidence
	Migrant density (% migrants)
	ML
	-0.01
	0.02
	-0.04
	0.03
	1.00
	17915    
	16556
	36% (+)
	

	Incidence
	Area cannabis use
	ML
	0.15    
	0.08    
	-0.01
	0.32
	1.00
	8049    
	10109
	96% (+)
	[image: ]


[bookmark: _Hlk160013047]
The table reports the association between each exposure and outcome. In particular, the column “ML vs BYM2” indicates whether the best fitting model was a Bayesian generalized hierarchical model (ML) or a Besag York Mollié spatial autocorrelation model (BYM2). Each row reports the median parameter value of the exposure, its 95% Credibility Interval (95% CI), Rhat value, effective sample sizes (ESS). The “Probability coefficient non-zero” column reports the posterior probability value for the hypothesis that the coefficient is above (+) or below (-) zero for the fixed effect. Finally, the “Conditional effect”  column reports the plot of the conditional effects of the exposures with 95% credibility bands. For instance, population density was estimated by a ML model and had a 99% posterior probability of being above zero.

[bookmark: _Toc194995765]ST 3. Associations between exposures and outcomes: age at onset

	 Outcome
	Exposure
	Estimate 

	Est.Error
	l-95% CI
	u-95% CI
	Rhat
	Bulk_ ESS
	Tail_ ESS
	Probability coefficient non-zero
	Conditional effect

	Age at onset
	Population density
	-0.00      
	0.01
	-0.02     
	0.01
	1.00    
	20373    
	16105
	57% (-)
	

	Age at onset
	Deprivation
	0.00
	0.00    
	-0.00     
	0.01
	1.00    
	17827    
	16249
	79% (+)
	[image: Immagine che contiene schermata, linea, testo, diagramma

Descrizione generata automaticamente]

	Age at onset
	Deprivation education
	-0.00
	0.01
	-0.02
	0.02
	1.00    
	12821    
	15293
	46% (-)
	

	Age at onset
	Economic inequality
	-0.13
	0.25
	-0.63
	0.35
	1.00    
	12742    
	14541
	70% (-)
	

	Age at onset
	Migrant density (% migrants)
	0.00
	0.00
	-0.00
	0.01
	1.00    
	24538    
	17795
	35% (-)
	

	[bookmark: _Hlk160385068]Age at onset
	Area cannabis use
	-0.02
	0.02
	-0.05
	0.02
	1.00
	11599    
	13546
	82% (-)
	[image: ]















[bookmark: _Toc194995766]ST 4. Associations between exposures and outcomes: migrant status

	Outcome
	Exposure
	Estimate 

	Est.Error
	l-95% CI
	u-95% CI
	Rhat
	Bulk_ ESS
	Tail_ ESS
	Probability coefficient non-zero
	Conditional effect

	Migrant
	Population density
	0.09
	0.11    
	-0.12     
	0.31
	1.00
	15039    
	14263
	81% (+)
	[image: Immagine che contiene testo, schermata, linea, diagramma

Descrizione generata automaticamente]

	Migrant
	Deprivation
	-0.03
	0.06
	-0.14
	0.08
	1.00     
	16109    
	14135
	69% (-)
	

	Migrant
	Deprivation education
	0.13
	0.16
	-0.19
	0.45
	1.00
	16202    
	13336
	78% (+)
	

	Migrant
	Economic inequality
	5.03      
	3.12    
	-1.23    
	11.10
	1.00
	10424    
	12780
	95% (+)
	[image: Immagine che contiene schermata, linea, diagramma, Diagramma

Descrizione generata automaticamente]

	Migrant
	Migrant density (% migrants)
	0.10      
	0.04     
	0.03     
	0.18
	1.00
	11443    
	13452
	100%
	[image: Immagine che contiene schermata, testo, linea, Diagramma

Descrizione generata automaticamente]

	Migrant
	Area cannabis use
	0.20
	0.23
	-0.27
	0.65
	1.00
	11144
	12157
	82%
	[image: ]


  








[bookmark: _Toc194995767]ST 5 Associations between exposures and outcomes: unemployment

	Outcome
	Exposure
	Estimate 

	Est.Error
	l-95% CI
	u-95% CI
	Rhat
	Bulk_ ESS
	Tail_ ESS
	Probability coefficient non-zero
	Conditional effect

	Unemployment
	Population density
	0.06
	0.07
	-0.08
	0.21
	1.00
	14622    
	13504
	80%
	[image: Immagine che contiene schermata, linea, diagramma, testo

Descrizione generata automaticamente]

	Unemployment
	Deprivation
	0.05
	0.04
	-0.04
	0.14
	1.00
	20987    
	16039
	88%
	[image: Immagine che contiene schermata, linea, diagramma, testo

Descrizione generata automaticamente]

	Unemployment
	Deprivation education
	-0.05
	0.12
	-0.29
	0.18
	1.00
	10328    
	13440
	68% (-)
	

	Unemployment
	Economic inequality
	-1.08
	2.39
	-5.89
	3.54
	1.00
	11755    
	13060
	68% (-)
	

	Unemployment
	Migrant density (% migrants)
	-0.01
	0.03
	-0.06
	0.05
	1.00    
	23578    
	15734
	40%
	

	Unemployment
	Area cannabis use
	0.09
	0.15
	-0.20
	0.39
	1.00
	21214
	14792
	73%
	



 









[bookmark: _Toc194995768]ST 6. Associations between exposures and outcomes: substance use

	Outcome
	Exposure
	Estimate 

	Est.Error
	l-95% CI
	u-95% CI
	Rhat
	Bulk_ ESS
	Tail_ ESS
	Probability coefficient non-zero
	Conditional effect

	Substance use
	Population density
	-0.14
	0.07
	-0.28
	0.01
	1.00
	18275    
	14324
	97% (-)
	[image: Immagine che contiene schermata, linea, testo, Diagramma

Descrizione generata automaticamente]

	Substance use
	Deprivation
	0.09
	0.04     
	0.01
	0.18
	1.00
	23436    
	15885
	98% (+)
	[image: Immagine che contiene schermata, linea, Diagramma, testo

Descrizione generata automaticamente]

	Substance use
	Deprivation education
	0.06
	0.13    
	-0.19
	0.31
	1.00
	15802    
	15787
	68% (+)
	

	Substance use
	Economic inequality
	0.79
	2.56    
	-4.22
	5.79
	1.00     
	13990    
	14736
	62% (+)
	

	Substance use
	Migrant density (% migrants)
	-0.03
	0.03
	-0.08
	0.03
	1.00
	15118    
	15683
	81% (-)
	[image: Immagine che contiene testo, schermata, linea, diagramma

Descrizione generata automaticamente]

	Substance use
	Area cannabis use
	0.20
	0.21
	-0.25
	0.59
	1.00
	9949
	9559
	85% (+)
	[image: ]


 










[bookmark: _Toc194995769]ST 7. Associations between exposures and outcomes: DUP 

	Outcome
	Exposure
	Estimate 

	Est.Error
	l-95% CI
	u-95% CI
	Rhat
	Bulk_ ESS
	Tail_ ESS
	Probability coefficient non-zero
	Conditional effect

	DUP
	Population density
	0.06    
	-0.19     
	0.05
	
	1.00
	20385    
	15200
	88% (-)
	[image: Immagine che contiene schermata, linea, diagramma, Diagramma

Descrizione generata automaticamente]

	DUP
	Deprivation
	-0.00      
	0.03    
	-0.06     
	0.05
	1.00
	14457    
	15084
	47%
	

	DUP
	Deprivation education
	-0.02      
	0.08    
	-0.18     
	0.15
	1.00
	11608    
	13473
	41%
	

	DUP
	Economic inequality
	0.54      
	1.80    
	-3.00
	4.04
	1.00
	14426    
	14860
	62%
	

	DUP
	Migrant density (% migrants)
	-0.04
	0.02
	-0.08
	0.00
	1.00
	11681    
	14517
	97% (-)
	[image: Immagine che contiene schermata, linea, diagramma, Diagramma

Descrizione generata automaticamente]

	DUP
	Area cannabis use
	0.24
	0.15
	-0.05
	0.53
	1.00
	12825    
	13019
	95%
	[image: ]




                   









[bookmark: _Toc194995770]ST 8. Associations between exposures and outcomes: Relational problems (HoNOS item 9)

	 Outcome
	Exposure
	Estimate 

	Est.Error
	l-95% CI
	u-95% CI
	Rhat
	Bulk_ ESS
	Tail_ ESS
	Probability coefficient non-zero
	Conditional effect

	Relational problems
	Population density
	-0.11      
	0.30    
	-0.77     
	0.46
	1.00    
	14450     
	9698
	66%
	

	Relational problems
	Deprivation
	-0.20
	0.22    
	-0.70
	0.17
	1.00
	9392     
	6781
	85% (-)
	[image: Immagine che contiene schermata, linea, testo, diagramma

Descrizione generata automaticamente]

	Relational problems
	Deprivation education
	-0.45
	0.76    
	-2.13
	0.92
	1.00
	6802     
	5735
	74% (-)
	

	Relational problems
	Economic inequality
	11.19     
	12.74   
	-10.74    
	41.09
	1.00     
	6319     
	5880
	84% (+)
	[image: Immagine che contiene testo, schermata, linea, diagramma

Descrizione generata automaticamente]

	Relational problems
	Migrant density (% migrants)
	-0.03      
	0.15    
	-0.34     
	0.25
	1.00    
	18623    
	11048
	60% (-)
	

	Relational problems
	Area cannabis use
	-0.08
	1.39
	-2.88
	2.84
	1.00
	7340     
	6207
	47% (+)
	













[bookmark: _Toc194995771]ST 9. Associations between exposures and outcomes: resource problems (HoNOS item 11 and 12)

	Outcome
	Exposure
	Estimate 

	Est.Error
	l-95% CI
	u-95% CI
	Rhat
	Bulk_ ESS
	Tail_ ESS
	Probability coefficient non-zero
	Conditional effect

	Resource problems
	Population density
	-0.30      
	0.27    
	-0.91     
	0.16
	1.00     
	5290     
	6041
	90% (-)
	[image: Immagine che contiene schermata, testo, linea, Diagramma

Descrizione generata automaticamente]

	Resource problems
	Deprivation
	-0.06      
	0.16    
	-0.42     
	0.24
	1.00     
	8570     
	8138
	66%
	

	Resource problems
	Deprivation education
	0.38
	0.96
	-1.43
	2.48
	1.00
	6640
	7167
	67% (+)
	

	Resource problems
	Economic inequality
	-7.33
	17.42
	-46.53
	24.42
	1.00
	8708     
	7790
	68%
	

	Resource problems
	Migrant density (% migrants)
	0.07
	0.19
	-0.31
	0.48
	1.00
	11730     
	9776
	64%
	

	Resource problems
	Area cannabis use
	0.07
	0.57
	-1.06
	1.23
	1.00
	4977
	6260
	56% (+)
	














[bookmark: _Toc194995772]ST 10. Summary of the associations with 80% or higher posterior probability of direction

	Outcomes
	Exposure
	Estimate 

	Est Error
	l-95% CI
	u-95% CI
	Rhat
	Bulk_ ESS
	Tail_ ESS
	Probability effect is over/ below zero
	Conditional effect
	Marginal effect 2

	Incidence
	Deprivation
	0.03
	0.03
	-0.02
	0.08
	1.00
	16027
	15201
	89%
	[image: Immagine che contiene schermata, linea, diagramma, Diagramma

Descrizione generata automaticamente]
	Min – max: resp: 0.82 (-34.5; 12.4) ; IRR  3.47  (0.96; 39)
[bookmark: _Hlk160028554]1sd: resp:  0.30 (-2.46; 2.17); IRR  1.13  (0.96; 1.34)

	Age at onset
	Area cannabis use
	-0.02
	0.02
	-0.05
	0.02
	1.00
	11599    
	13546
	82% (-)
	[image: ]
	Min – max: resp:  -2.56 (-7.8; 2.23)
1sd: resp:  -0.78 (-2.32; 0.69)

	Unemployment
	Population density
	0.06
	0.07
	-0.08
	0.21
	1.00
	14622    
	13504
	80%
	[image: Immagine che contiene schermata, linea, diagramma, testo

Descrizione generata automaticamente]
	Min – max: resp: 7% (-11%; 26%); OR 1.24 (0.77; 2.31)
1sd: resp:  1% (-2%; 5%); OR 1.04 (0.95; 1.15)

	Unemployment
	Deprivation
	0.05
	0.04
	-0.04
	0.14
	1.00
	20987    
	16039
	88%
	[image: Immagine che contiene schermata, linea, diagramma, testo

Descrizione generata automaticamente]
	Min – max: resp: 16% (-15%; 42%); OR 2.29 (0.85; 20.3)
1sd: resp:  2% (-2%; 7%); OR 1.07 (0.96; 1.20)

	Migrant status
	Population density
	0.09
	0.11    
	-0.12     
	0.31
	1.00
	15039    
	14263
	81%
	[image: Immagine che contiene testo, schermata, linea, diagramma

Descrizione generata automaticamente]
	Min – max: resp: 8% (-12%; 25%); OR 1.80 (0.68; 17.7)
[bookmark: _Hlk160034476]1sd: resp:  2% (-2%; 6%); OR 1.09 (0.91; 1.35)

	Migrant status
	Area cannabis use
	0.20
	0.23
	-0.27
	0.65
	1.00
	11144
	12157
	82%
	[image: ]
	Min – max: resp: 25% (-14%; 50%); OR 2.68 (0.36; 21.6)
1sd: resp:  8.6% (4.2%; 18%); OR 1.47 (0.81; 2.60)

	Substance use
	Area cannabis use
	0.20
	0.21
	-0.25
	0.59
	1.00
	9949
	9559
	85%
	[image: ]
	Min – max: resp: 26% (-28%; 60%); OR 2.22 (0.49; 9.63)
1sd: resp: 8.3% (-8.9%; 22.3%); OR 1.25 (0.78; 1.85)

	[bookmark: _Hlk160034816]DUP
	Population density
	0.06    
	-0.19     
	0.05
	
	1.00
	20385    
	15200
	88%
	[image: Immagine che contiene schermata, linea, diagramma, Diagramma

Descrizione generata automaticamente]
	Min – max: resp: -13.7 (-5651; 39.4)
1sd: resp: -2.18 months (-916; 8.63)

	Relational problems
	Deprivation
	-0.20
	0.22    
	-0.70
	0.17
	1.00
	9392     
	6781
	85% (-)
	[image: Immagine che contiene schermata, linea, testo, diagramma

Descrizione generata automaticamente]
	Min – max: resp: for each level
0.  3.2% (-8.9%; 50%)
1.  6.9% (-7.4%; 19.8%)
2.  4.9% (-1.1%; 12.4%)
3. -4.7% (-15.7%; 8.7%)
4. -9.6% (-28.9%; 6.71%)

1sd: resp:  for each level
0.  6.0% (-0.5%; 1.7%)
1.  1.1% (-1.2%; 3.3%)
2.  0.3% (-1.1%; 1.4%)
3. -1.1% (-3.3%; 1.1%)
4. -0.9% (-2.9%; 1.4%)

OR (1sd) for each level
0. 1.10 (0.93; 1.30)
1. 1.07 (0.94; 1.20)
2. 1.01 (0.97; 1.05)
3. 0.96 (0.89; 1.05)
4. 0.94 (0.81; 1.12)

	Relational problems
	Economic inequality
	11.19     
	12.74   
	-10.74    
	41.09
	1.00     
	6319     
	5880
	84% (+)
	[image: Immagine che contiene testo, schermata, linea, diagramma

Descrizione generata automaticamente]
	Min – max: resp: for each level
0. -3.5% (-10.4%; 4.0%)
1. -7.1% (-19.0%; 7.0%)
2. -3.1% (-9.3%; 2.1%)
3.  6.9% (-7.1%; 16.7%)
4.  6.8% (-6.8%; 21.6%)

1sd: resp:  for each level
0.  -0.8% (-2.6%; 0.5%)
1.  -1.7% (-4.8%; 1.6%)
2.  -0.6% (-1.9%; 0.6%)
3.  1.7% (-1.6%; 4.7%)
4.  1.5% (-1.5%; 4.4%)

OR (1sd) for each level
0. 0.88 (0.69; 1.13)
1. 0.91 (0.77; 1.09)
2. 0.98 (0.93; 1.02)
3. 1.06 (0.94; 1.19)
4. 1.12 (0.89; 1.40)

	Resource problems
	Population density
	-0.30      
	0.27    
	-0.91     
	0.16
	1.00     
	5290     
	6041
	90% (-)
	[image: Immagine che contiene schermata, testo, linea, Diagramma

Descrizione generata automaticamente]
	Min – max: resp: for each level
0.  11.4% (-8.0%; 28.9%)
1.  1.3% (-1.0%; 7.7%)
2. -4.0% (-10.1%; 3.5%)
3. -4.8% (-12.4%; 2.2%)
4. -3.9% (-12.8%; 1.6%)

1sd: resp:  for each level
0.  2.4% (-1.6%; 6.4%)
1.  0.04% (-0.7%; 1.4%)
2.  -0.9% (-2.7%; 0.6%)
3.  -0.9% (-2.4%; 0.5%)
4.  -0.6% (-1.9%; 0.4%)
 
OR (1sd) for each level
0. 1.48 (0.93; 711)
1. 1.14 (0.98; 7818)
2. 0.95 (0.81; NA)
3. 0.86 (0.62; NA)
4. 0.82 (0.53; NA)


We did not find consistent effects of socioeconomic indices on age at onset, except for a possible role of area-level cannabis use (ST 4). Whereas, among effects with lower posterior probability of being significant (ST 5), higher population density was associated with higher likelihood of being a migrant (81% probability; OR (1sd): 1.09; 95% CrI: 0.91; 1.35). Population density and global deprivation were associated with small increases of the likelihood of being unemployed (density: 80% probability; OR for an sd increase: 1.04; 95% CrI: 0.95; 1.15; deprivation: 88% probability; OR: 1.07; 95% CrI: 0.96; 1.20; ST 4 and ST11). The migrant density (% migrants) in the area predicted a reduced likelyhood of substance use among FEP (81% probability of negative effect). Higher population density was associated with a shorter DUP (difference for 1sd: -2.18 months; 95% CrI:-916; 8.63), whereas the prevalence of province-level frequent use of cannabis was associated with a longer DUP (Difference (1sd): 12.9 months; ; 95% CrI: -2.86; 6229). Global deprivation was associated with a tendency to lower ratings relative to Relational problems measured with the HoNOS, while economic inequality was associated with higher ratings (84% and 85% probability, respectively, ST 11). Finally, higher population density predicted a tendency to lower ratings in the area of resource problems (items 11 and 12 of the HoNOS, 84% probability). 
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