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Abstract

Background and Hypothesis : The emergence of psychosis in ultra-high-risk subjects (UHR)

is influenced by gene-environment interactions that rely on epigenetic mechanisms such as

microRNAs. However, whether they can be relevant pathophysiological biomarkers of

psychosis’ onset remains unknown.

Study Design : We present a longitudinal study of microRNA expression, measured in plasma

by high-throughput sequencing at baseline and follow-up, in a prospective cohort of 81 UHR, 35

of whom developed psychosis at follow-up (converters). We combined supervised

machine-learning and differential graph analysis to assess the relative weighted contribution of

each microRNA variation to the difference in outcome and identify outcome-specific networks.

We then applied univariate models to the resulting microRNA variations common to both

strategies, to interpret them as a function of demographic and clinical covariates.

Study Results : We identified 207 microRNA variations that significantly contributed to the

classification. The differential network analysis found 276 network-specific correlations of

microRNA variations. The combination of both strategies identified 25 microRNAs, whose gene

targets were overrepresented in cognition and schizophrenia GWAS findings. Interpretable

univariate models further supported the relevance of miR-150-5p and miR-3191-5p variations in

psychosis onset, independent of age, sex, cannabis use, and medication.

Conclusions : In this first longitudinal study of microRNA variation during conversion to

psychosis, we combined two methodologically independent data-driven strategies to identify a

dynamic epigenetic signature of the emergence of psychosis that is pathophysiologically

relevant.



Introduction

Psychosis is a frequent and disabling disorder that occurs during adolescence and early

adulthood.1 Subjects at ultra-high-risk for psychosis (UHR) can be routinely screened in clinical

practice,2 but while 25% of UHR individuals will convert to psychosis at three years,3 outcome

remains difficult to predict, and reliable biomarkers are needed to improve early healthcare. The

emergence of psychosis involves progressive interactions between genetic vulnerability and

environmental pressure,4,5 which may depend on epigenetic factors.6–11 Among such

mechanisms, microRNAs are increasingly studied as potential biomarkers.8 They are short

non-coding RNAs, about 19-22 nucleotides long, which regulate translation of messenger RNAs

(mRNAs).12 Many were found differentially expressed in schizophrenia,7,13 and

schizophrenia-risk genes are highly regulated by microRNAs.14 Most of the deregulated

neurotransmitter systems in schizophrenia also depend on specific microRNA regulations.15

One of the most replicated microRNAs associated with schizophrenia, miR-137, has thus been

shown to regulate AMPA and metabotropic glutamate receptors crucial for synaptic plasticity.16

Other microRNAs target D2 and D3 dopamine receptors and their dysfunction is associated with

schizophrenia-like phenotypes in both humans and animal models, where their rescue improves

behavioral measures.17,18 MicroRNAs networks were also shown to regulate GABAergic

pathways through their effect on GAD-1 and VGAT expression in mice models.19

However, the diagnostic relevance of microRNAs remains largely unknown. Only longitudinal

studies may provide insight into whether specific microRNAs could be markers of trait or of

state. The differential expression of certain microRNAs, in subjects with schizophrenia

compared to controls, could for instance be stable over time, independently of clinical

improvement20 or treatment.21 Conversely, other microRNA variations could relate to medication

and reflect treatment response,22 or correlate with symptomatology improvement.23 In the UHR

population, it has been suggested that baseline microRNA measures in peripheral blood could

help to classify between converters and non-converters to psychosis.11 Nevertheless, it is

unclear whether such baseline measures are stable markers of trait, or state-dependent

markers that vary across time. Unlike cross-sectional designs, longitudinal studies during

conversion to psychosis may detect such dynamic biomarkers, more relevant to distinguish

between pathophysiological trajectories.24
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To this purpose, we measured microRNA variation (Δmirna) between baseline and one-year

follow-up in a prospective UHR cohort of 81 subjects, and compared subjects who converted to

psychosis to those who did not. We present here a combination of two data-driven strategies

leveraging all sequenced microRNAs to account for the fact that pathophysiological processes

may be mediated by small changes in a co-regulatory network of highly interconnected

microRNA variations,25 especially as brain-enriched microRNAs share common mRNA targets

resulting in cooperative repression.26 First, we used a Δmirna-based supervised classifier to

identify cooperative Δmirnas with a joint effect on psychosis. Secondly, a network analysis

highlighted Δmirna-Δmirna interactions that were specific to conversion to psychosis. The

pathophysiological relevance of Δmirnas overlapping between these strategies was then

assessed by an enrichment study of their targets in disease-related GWAS, and gene and

disease ontologies. Finally, a univariate analysis of the resulting Δmirnas as a function of

demographic and clinical covariates provided a forward interpretable model of the previous

backward data-driven solutions (Figure 1).27 Overall, we make the hypothesis that a

combination of Δmirna may be a longitudinal signature of conversion to psychosis.

Figure 1 - Methodological pipeline: combination of two data-driven strategies leveraging all sequenced microRNAs

at two timepoints, before and after conversion to psychosis. The variation of microRNA across time, Δmirna, was

used as input. A Δmirna-based supervised classifier identified cooperative Δmirnas with a joint effect on psychosis.

Δmirna-Δmirna interactions specific to conversion to psychosis were identified through network analysis. The

common Δmirna resulting from both methods were then used to predict their gene targets, on which the pathway

analysis was performed. FInally, a univariate analysis of the resulting Δmirnas as a function of demographic and

clinical covariates checked for the association between these microRNAs and outcome in an interpretable model.
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METHODS

Participants

Help-seeking and at-risk adolescents and young adults less than 30 years old were enrolled in a

prospective cohort. All individuals were assessed with the CAARMS28. Psychotic conversion

was characterized using the CAARMS-defined psychosis onset threshold. Individuals who

reached the threshold during the one-year follow-up were considered converters and individuals

who recovered or displayed persistent subthreshold symptoms were called non-converters.

Demographic and clinical characteristics are described in Table 1. The study was approved by

the institutional ethics committees (Comités de protection des personnes, Ile-de-France III and

IV, Paris, France). Written informed consent was obtained from all participants or their legal

representatives.

MicroRNA sequencing and preprocessing

Biological samples were obtained from the Biological Resource Center NSPN, GHU Paris

Psychiatrie & Neurosciences, in charge of centralizing and managing biological data collection

(BB-0033-00026). High-throughput sequencing was applied on the plasma of 81 samples at two

time-points, baseline and follow-up. miRNAs were extracted with miRNeasy Serum/Plasma

Advanced Kit (QIAGEN), then the standard workflow of the QIAseq® miRNA Library Kit

(QIAGEN) was followed for library preparation, using unique molecular index assignment.

Sequencing was performed on the Illumina NextSeq 500 platform at ICM of Hôpital de la

Salpêtrière. Sequencing files were uploaded to QIAGEN GeneGlobe® Data Analysis Center to

run QIAseq® miRNA Primary Quantification. Average total reads were 17.5 millions, 23.2% of

total reads were UMI-assigned and 26.9% of these reads were aligned to 2479 miRNAs.

Standard DESeq2 variance stabilizing transformation on R 3.6.3 was applied to obtain similar

distributional properties (Supplementary Figure 1), increasing comparability across samples.29

The variation of microRNA across time, Δmirna, was computed as the difference in transformed

counts between follow-up and baseline, divided by the time between the two sampling events.
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Table 1 - Demographic and clinical characteristics of the longitudinal cohort. PANSS: Positive And
Negative Syndrome Scale. SOFAS: Social and Occupational Functioning Assessment Scale. MADRS:
Montgomery–Åsberg Depression Rating Scale

UHR longitudinal cohort T-test or
X² for proportions

Measure Converters (35)
mean ± std

Non-Converters (46)
mean ± std

Test statistic P-value

Age at baseline 21.1 ± 3.4 22.6 ± 3.2 -1.95 0.05

Sex (F/M) 13 / 22 22 / 24 1.34 0.25

Duration of follow-up (years) 0.8 ± 0.5 1.2 ± 0.4 -3.67 0.0004

MADRS 22.2 ± 9.0 21.4 ± 10.2 0.35 0.72

PANSS total 70.0 ± 16.5 67.0 ± 16.7 0.77 0.44

positive 14.9 ± 5.0 12.4 ± 4.5 2.38 0.02

negative 15.5 ± 6.7 16.1 ± 7.4 -0.39 0.70

desorganisation 6.5 ± 3.1 5.6 ± 2.6 1.28 0.20

SOFAS 45.8 ± 11.2 46.7 ± 9.9 -0.35 0.73

Antipsychotics (%) 20 (7/35) 23.9 (11/46) 0.35 0.55

Chlorpromazine equivalent (mg) 25.9 ± 81.5 27.1 ± 57.5 -0.07 0.94

Cannabis last month (%) 37.1 (13/35) 15.2 (7/46) 9.18 0.002

Supervised learning algorithm

With the Scikit-learn python library,30 we applied a stratified 5-fold nested cross-validation on an

input matrix of subjects (81 rows) x Δmirna (2479 columns), in order to classify between

converters and non-converters. The classifier was a logistic regression with: i) a norm L2

penalty, chosen because it outputs weights for each variable, allowing interpretation of each

weighted Δmirna relative to the others, ii) a nested cross-validation with hyperparameter setting

inside the training loop, using gridsearch (from C = 1e-6, for strong regularization in a high

multi-dimensionality and multicollinearity problem, to no regularization with C = 1, with a discrete

step of 0.1), and iii) a class weight set to “balanced” to account for the higher frequency of

non-converters. Analysis steps are described in Supplementary Figure 2.

A robust non-parametric significance (p-value) for the observed AUC was computed through

simulation-based random permutation analysis, whereby we simulated the null hypothesis by

randomly permuting converter and non-converter statuses among subjects, and repeated the
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algorithm 10 000 times. We then computed how many times the average AUC was higher or

equal to the observed one. The reported p-value was calculated as the ratio of this number to

the total number of tests done (10 000).

Non-parametric confidence intervals at 95 % (95%CI) for each Δmirna weight were computed

by bootstrapping: estimates of the variance were obtained by averaging the predicted weights

across 1000 bootstrap replications. Standard errors and 95%CI were obtained by calculating the

standard deviations and the 2.5th and 97.5th percentiles of the bootstrapped distributions. The

significance of the variance was derived from the 95%CI: the null hypothesis corresponding to a

mean variance of zero was rejected when the 95%CI did not include zero.31 This allowed to

identify the Δmirna most contributing to the prediction.

Network analysis

Prior to graph analysis, all input Δmirna were adjusted for age and sex. To identify

disease-specific interactions between Δmirna, we considered the matrix of correlations between

all 2479 Δmirna in each group. We built two separate networks of correlations of longitudinal

expression variation, and filtered only for strong correlations, above 0.7 in absolute value. A

t-test was used to compare the distributions of betweenness and degree in the

converters-specific subnetwork to the rest of the network. As a network metric, we measured the

density of the converters-specific subnetwork. For betweenness and degree comparisons, as

well as density measures, we tested the probability of obtaining the observed results under the

null hypothesis of no Δmirna specificity by comparing them to randomly generated

subnetworks32, using permutations to compute non-parametric p-values as described in the

previous section.

Pathway analysis

Pathway analysis was done on the intersection results of machine-learning and network

analyses. miRDip v4.1 was used for prediction of mRNA targets of microRNAs.33 Were selected

only the “very high” confidence gene targets (the top 1% predicted by mirDIP) targeted by at

least three different microRNAs to account for co-targeting mechanisms.26 Two separate

enrichment studies were done: i) functional mapping and association with human diseases

based on genome-wide association studies was done with FUMA GWAS34; ii) gene,

protein-protein interaction, and disease ontology enrichment were computed with Metascape35.
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Univariate statistical analysis.

Comparison of demographic and clinical data between groups were tested with a T-test for

means or a Chi²-test for proportions. Spearman’s ρ was used for correlation tests. In the

differential expression analysis testing the interpretability of the 25 top Δmirna, we used the

following linear model for each Δmirna: Δmirna = intercept + α * Age + β * Sex + γ * Conversion.

A second model also including cannabis use in the last month and antipsychotic medication as

covariates was tested to account for their effects. Multiple testing was corrected with

non-parametric permutation-based estimations of adjusted p-values obtained with the max-T

procedure (resulting in FWER-corrected p-value), which is recommended for microarray

experiments.36,37 Volcano plot representation in python was done with bioinfokit.38

Results

Which subset among all Δmirna contributed most to predict psychosis ?

We used a supervised machine-learning strategy, leveraging all 2479 Δmirna for all 81 subjects,

adjusted for age and sex, as input to a supervised learning algorithm, which we built to classify

between converters and non-converters to psychosis. This allowed us to assess the relative

weighted contribution of each Δmirna to the difference in outcome. The classifier showed a

cross-validated performance with an area-under-the-curve (AUC) of 66 % and a balanced

accuracy of 63 %. The average specificity is 0.74 and sensitivity is 0.51. The F-measure is 0.55.

Repeated analysis after random permutation of status labels illustrated the fact that: i) the

AUC’s non-parametric p-value was significant (p = 0.009); and ii) there was no overfitting since

the application of the same algorithm to randomly labeled subjects led to an average

classification, under the null hypothesis, with an AUC of 50 %, i.e. no better than chance

(Supplementary Figure 3). We identified 207 Δmirna that significantly participated in the

classification between converters and non-converters, with predicted weights confidently

different from zero (at 95 %), either positive or negative (Supplementary Figure 4).
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Which Δmirna were specific to the outcome (conversion or non conversion) ?

To further identify interacting microRNAs with discriminative power across time between

converters and non-converters, we considered the matrix of correlations between all 2479

Δmirna in each group, adjusted beforehand for age and sex. We found 243 Δmirna to be

specific to the converters’ network, and 33 Δmirna specific to the non-converters’. Individual and

network metrics of the converters-specific Δmirna subnetwork were compared to the rest of the

converters-network (including Δmirna not specific to conversion). For each node in the graph,

corresponding to a Δmirna, we computed betweenness centrality and degree centrality. The

former measures to what extent a node is a bottleneck in the network (i.e. the number of

shortest paths between all pairs of nodes that go through this node), and the latter measures to

what extent a node is a hub (i.e the number of edges connected to this node).39,40 Inside the

converters’ network, betweenness centrality was four times higher in the conversion-specific

subnetwork of Δmirna (mean: 1.6e-3) compared to the rest of the network (mean: 0.4e-3). This

was significant after random permutations to simulate the null hypothesis of no specificity of

microRNAs (p=0.002). Conversely, degree centrality was four times lower in the

conversion-specific subnetwork of Δmirna (mean: 305) compared to the rest of the network

(mean: 1307). This was significant after random permutations to simulate the null hypothesis of

no specificity of microRNAs (p=0.001) (Figure 2). Likewise, the density in the

conversion-specific subnetwork was very low (0.03) compared to what could be expected by

randomly selecting 243 Δmirna in the network (0.5 on average), with a non-parametric p-value

of 0.001.

Pathway analysis of top microRNAs resulting for both strategies

By intersecting the 207 microRNAs from the machine learning analysis, whose absolute

variation across time predicted the emergence of psychosis, with the 276 microRNAs that had

correlations of variation specific to one network, we found 25 microRNAs whose changes in

expression across time could have network-level significance and be therefore more relevant

from a pathophysiological perspective. Looking at only highly confident mRNA predicted targets

of these microRNAs, 438 genes were identified. The top GWAS enrichment was general

cognitive ability (adjusted p < 10-4), but also genes pleiotropically associated with cognitive

ability, educational attainment and schizophrenia (adjusted p < 10-2) (Figure 3a). Moreover, the

top gene ontology enrichments included transcriptional regulation by the methyl-CpG binding

protein 2 (MECP2) and brain development (p < 10-8), as well as synaptic signaling (p < 10-6)
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(Figure 3b). The top affected protein-protein interactions included oxidative stress-induced

senescence (p < 10-16), membrane trafficking processes (p < 10-12), signal transduction

mechanisms (p < 10-12), as well as neuron apoptotic processes (p < 10-5) (Figure 3c).

Gene-disease association analysis showed that the top significantly enriched diseases included

neurodevelopmental disorders and developmental delay (p < 10-10) (Figure 3d).

FIgure 2 - Relationship between degree and betweenness centrality in the converters’ network. 3a)
Converter-specific microRNA variations have higher betweenness and lower degree centrality compared to
non-specific microRNAs. 3b) Illustration of bottleneck nodes with high betweenness/low degree (red) and hub nodes
with high degree (blue circle). For betweenness and degree comparisons, as well as density measures, we tested the
probability of obtaining the observed results under the null hypothesis of no Δmirna specificity by comparing them to
randomly generated subnetworks, using permutations to compute non-parametric p-values.

2a) 2b)

Figure 3 - Enrichment analysis

3a)



3b)

3c)

3d)

Testing the interpretability of the resulting Δmirna in relation to conversion to psychosis

Although significant positive or negative weights of Δmirna in the classifier algorithm may reflect

an important contribution to the outcome of interest (here, classification of the disease

trajectory), they could also represent suppression of noisy data specific to this cohort that would



be pathophysiologically irrelevant. Parameters of multivariate classifiers, defined as backward

models where the variable of interest (i.e. outcome) is expressed as a function of the data (i.e.

Δmirna), are therefore not directly interpretable. Conversely, forward models where the data is

expressed as a function of variables of interest provide interpretable parameters.27 For this

reason, and to identify the microRNAs with the highest confidence, we used univariate analysis

to express the resulting 25 Δmirna of interest as functions of age, sex, clinical outcome. After

correction for multiple testing, two microRNAs showed longitudinal variations significantly

associated with outcome: miR-150-5p and miR-3191-5p (Figure 4).

FIgure 4 - 4a) Longitudinal variation across time of miR-150-5p and miR-3191-5p expression in converters and
non-converters. Counts represent values after variance stabilizing transformation of raw counts with DESeq2. 4b)
Volcano plot representing the level and direction of microRNA variation across time associated with conversion to
psychosis, and corrected for the FWER, for the 25 microRNAs of interest in all subjects.

4a)

4b)
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There was a significant longitudinal decrease in miR-150-5p expression in converters compared

to non-converters (β = -1.02, adjusted-p = 0.023, 95%CI = [-1.67, -0.37]). Age and sex did not

significantly explain this effect (p = 0.25 and p = 0.14, respectively). This decrease remained

significant after adding cannabis intake in the last month and antipsychotic medication as a

covariates (β = -1.00, p = 0.004, 95%CI = [-1.68, -0.33]). Neither cannabis use nor medication

significantly explained the decrease (p = 0.87 and p = 0.51, respectively). There was a

significant longitudinal increase in miR-3191-5p expression in converters compared to

non-converters (β = 1.39, p = 0.0002, 95%CI = [0.69, 2.08]). Age at baseline also significantly

explained this effect (β = 0.14, p = 0.009, 95%CI = [0.03, 0.24]). Cannabis use did not

significantly explain this increase (p = 0.09), but medication intake significantly explained it,

albeit with a small effect (β = 0.01, p = 0.038, 95%CI = [0.0003, 0.01]).

DISCUSSION

In this first longitudinal study of microRNA variation during conversion to psychosis, in an UHR

population with high-throughput microRNA sequencing available at two time-points, we

identified a dynamic epigenetic signature of the emergence of psychosis that is

pathophysiologically relevant.

First, we accounted for microRNA-microRNA cooperation and co-regulatory mechanisms25,26 by

using a machine-learning strategy, leveraging all 2479 longitudinal microRNA variations for all

81 subjects as input to a supervised learning algorithm, to classify between converters and

non-converters to psychosis. This allowed us to assess the relative weighted contribution of

each longitudinal microRNA variation to the difference in outcome. Whereas our longitudinal

design is not comparable with previous cross-sectional results, two of our 207 microRNAs

overlapped with the 15 microRNAs reported as “the most recurrent and representative

differentially expressed microRNAs” in case-control studies7. This overlap contained miR-30e

and miR-137, the latter being a microRNA strongly involved in neural pathways disrupted in

schizophrenia8, consistently differentially expressed in this disease7, associated with

schizophrenia in genome-wide association studies (GWAS)41, and known to regulate

schizophrenia-risk genes42.

Secondly, to further account for the complex interplay between many microRNA longitudinal

variations, we considered the correlation network of microRNA variations in converters and

non-converters separately. Using a strong threshold of 0.7 for the correlations, above the 0.3-0.4
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commonly observed in biology43, we identified the most robust nodes specific to each network.

Differential network analysis highlighted 276 microRNAs specific to one network. Among these,

243 were specific to the converters’ network. Compared to the rest of the converters’ network,

longitudinal microRNA variations in this specific subnetwork showed significantly higher

betweenness centrality, lower degree centrality and lower density. This might suggest that

although the conversion-specific microRNA variations are topographically sparse and not

necessarily connected with each other, they could play important roles as mediators in the

whole correlation network. Thus, betweenness centrality was found to be more important than

degree centrality for regulatory network integrity in protein-protein interactions, where high

betweenness/low degree members appeared to be involved in regulation and signal

transduction44.

Thirdly, by intersecting the 207 microRNAs whose longitudinal variation predicted psychosis with

the 276 microRNAs that had correlations of variation specific to one network, we obtained 25

microRNAs whose longitudinal changes could have network-level significance and therefore be

more relevant from a pathophysiological perspective. Their mRNA targets were enriched in

cognition and schizophrenia GWAS-associated genes, and gene ontology enrichment

highlighted neurodevelopmental processes and MECP2 regulation. MECP2 controls regulation

of gene expression and is involved in neuronal and synaptic development. Its activity could be

modulated by neuronal activity, suggesting a role in plasticity45. Moreover, rare mutations in the

MECP2 gene have been found in neurodevelopmental disorders, especially Rett’s syndrome,

but also in schizophrenia46, and increased MECP2 promoter binding in GABAergic neurons of

the frontal cortex and hippocampus was described in a mice model of prenatal stress leading to

psychotic-like phenotypes47. The enriched oxidative stress-related pathways have also been

identified as dysregulated in psychosis, and described in UHR during conversion to psychosis

by our previous methylome and transcriptome analyses9,10.

Finally, knowing that machine-learning strategies are backward models that do not provide

straightforward pathophysiologically interpretable models, but solutions that may also depend

on noise correction27, we further tested the interpretability of the resulting 25 microRNAs by

reversing the analysis for the top 25 microRNAs into classical forward models where univariate

analysis allowed to test the dependency of longitudinal microRNA variation on clinically relevant

variables. We identified mir-150-5p’s decrease and miR-3191-5p’s increase to be significantly
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associated with the emergence of psychosis, independently of age, sex, cannabis intake in the

last month, and antipsychotic use.

miR-150 is a precursor microRNA that is processed in two mature forms (miR-150-5p and

miR-150-3p). This precursor was reported to be downregulated in individuals with

schizophrenia, both in peripheral blood mononuclear cells48 and in neurons from the superior

temporal gyrus49. miR-150-5p is also known to be significantly downregulated in individuals with

22q11 deletion syndrome, compared to healthy controls50. This syndrome is the most frequent

genetic cause of schizophrenia with around 40% of the 22q11 carriers who will develop a

psychotic disorder51. Finally, miR-150-5p was recently found to be among six microRNAs

consistently downregulated in a cohort of children with autism spectrum disorder compared to

healthy controls, in clinically unaffected parents at genetic risk, and in a corresponding mouse

model52. Because autism and schizophrenia are on a neurodevelopmental continuum,

miR-150-5p downregulation could be one of their shared genetic and epigenetic pathways53.

Since its induced increase rescued cognitive dysfunction in a rat model54, miR-150 could also

constitute a target for treatment. Information regarding miR-3191-5p in relation to psychosis is

lacking in the literature. Nevertheless, it was reported to be downregulated in a cross-sectional

study of the microRNA system in schizophrenia,55 and an animal model found that it inhibited

the expression of CACNA1A, a gene whose function is involved in cerebellar development.56

There are several considerations that should be taken into account. Crossing two data-driven

strategies, we reduced the risk of methodological biases associated with any single method,

while including all sequenced microRNAs in the analysis. Using a longitudinal design allowed to

account for intra-individual variations, increasing the power to detect significant changes.

Regarding prediction, the performance was robust and not overfitting on random noise, but it

was not sufficiently high for clinical implementation. This was to be expected as microRNAs

represent only a small fraction of the many biological levels involved in the pathophysiology of

psychosis. Thus, our performance falls in the average of performances reported with structural

neuroimaging-based predictions of first-episode psychosis, which range between chance level

and 85%57. Because of a lack of other available cohorts with longitudinal microRNA sampling,

cross-validation was used to test the prediction. However, testing in an independent cohort

would be required for definitive validation. As it is, we suggest this method be combined with

other data-driven or selection-based procedures only as a strategy to increase confidence in

microRNA analysis. Regarding network analysis, the main limitation is the biological meaning of
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a correlation between two microRNAs across time, which remains to be further explored43.

Likewise, betweenness centrality is a more relevant concept in directed (regulatory) networks,

than in undirected (interaction) ones. We postulated this was the case with microRNAs, but it

remains to be confirmed. Building correlation-based networks was necessary to be able to

compare groups. Moreover, we chose to compare networks built on longitudinal microRNA

variation, rather than comparing network preservation between baseline and follow-up in each

group. Because correlations are adimensional measures, a correlation between two baseline

microRNA expressions will not change at follow-up if one of them decreases its expression.

Therefore, our longitudinal design allowed us to highlight differences that would otherwise have

gone unnoticed. Regarding enrichment analyses, their interpretation is limited by what it means

to be a mRNA target of a microRNA. Thus, while microRNAs mainly downregulate translation,

the reverse can also be true.58 The question of the relevance of peripheral blood sampling for

brain physiology is another limit, but peripheral sampling was necessary for clinical biomarker

research. In the gene-environment paradigm, the same environmental stressors that affect the

brain may be expected to have similar effects in other tissues, and the regulation of miRNA

expression is strongly under genetic influence, which is identical between brain and blood cells.

Finally, our results do not infer causality but provide a longitudinal correlational signature of

disease.

In conclusion, this is the first study identifying twenty-five microRNAs whose longitudinal

variations could be a dynamic signature of the emergence of psychosis. The genes targeted by

these microRNAs are overrepresented in cognitive measures and schizophrenia GWAS

findings, in genes regulated by MECP2 and in pathways related to brain development, synaptic

signaling and oxidative stress. Two microRNAs, miR-150-5p and miR-3191-5p, have emerged

as the most promising for better insight into the longitudinal epigenetic changes associated with

psychosis progression.
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SUPPLEMENTARY DATA

Supplementary Figure 1 - Pre and post-transformation plots. Pre- and post-distribution of mean and
standard deviation of data: the transformation allows to correct for the lack of homoscedasticity that is
intrinsically associated with RNA sequencing (because the more a couple of microRNAs are read in a
sample, the less the other microRNAs are, leading to higher variances of reads in that specific sample);
after DESeq2 variance stabilizing transformation, we see that the standard deviation is no longer
correlated with the mean.



Supplementary Figure 2 - Supervised learning algorithm: stratified 5-fold cross-validation with
residualization inside the training loops. Δmirna is a matrix of miRNA variations across time (as
columns) for each subject (rows). The prediction model M is a logistic regression with L2 (ridge) penalty,
using a nested cross-validation to set hyperparameter C, and a balanced class weight. In the training fold
of each loop: i) residualizer function R regresses Δmirna of the training set to adjust for age and sex, in
order to keep only the conversion-related variance and the noise for training (R(Δmirnatrain)); ii) a
nested-cross-validation selects the best hyperparameter C; iii) a model M is fitted on the age- and
sex-corrected training set. Then, in the testing fold of each loop: i) residualizer function R predicts the
age- and sex-corrected testing set (R(Δmirnatest)); importantly, the conversion information from the testing
set is not used in the regression; ii) model M uses this corrected testing set to predict the conversion
status. This process is repeated 5 times, giving 5 AUC and balanced accuracies, which are averaged for
overall performance.



Supplementary Figure 3 - Repetition of the prediction under random permutation of labels to
simulate the null hypothesis. We simulated the null hypothesis by randomly permuting converter and
non-converter statuses among subjects, and repeated the machine-learning algorithm 10 000 times. We
then computed how many times the average AUC was higher or equal to the observed one. The reported
p-value was calculated as the ratio of this number to the total number of tests done.



Supplementary Figure 4 - microRNAs most relevant for the classification algorithm. 207 Δmirnas have
predicted weights with 95 % confidence intervals (colored bars) that do not include zero (vertical dashed line).



Supplementary Table 1 - Studies used as reference for the computation of chlorpromazine
equivalents

Typical antipsychotic Reference study

Klorprotixene (Kroken et al., 2009; Leucht et al., 2014) 1,2

Levomepromazine (Kroken et al., 2009) 1

Trifluropromazine (Davis, 1975) 3

Thioridazine (Andreasen et al., 2010) 4

Dixyrazine (Kroken et al., 2009) 1

Prochlorperazine (Davis, 1975; Woods, 2005) 3,5

Perphenazine (Andreasen et al., 2010) 4

Perphenazine decanoate (Kroken et al., 2009) 1

Zuclopenthixol (Kroken et al., 2009) 1

Zuclopenthixol decanoate (Kroken et al., 2009) 1

Flupenthixol (Kroken et al., 2009) 1

Flupenthixol decanoate (Kroken et al., 2009) 1

Fluphenazine (Andreasen et al., 2010) 4

Fluphenazine decanoate (Andreasen et al., 2010) 4

Trifluoperazine (Andreasen et al., 2010) 4

Acetophenazine (Davis, 1975; Leucht et al., 2014) 2,3

Carphenazine (Davis, 1975; Leucht et al., 2014) 2,3

Butaperazine (Davis, 1975; Leucht et al., 2014) 2,3

Mesoridazine (Davis, 1975; Leucht et al., 2014) 2,3



Piperacetazine (Davis, 1975; Leucht et al., 2014) 2,3

Haloperidol (Andreasen et al., 2010) 4

Haloperidol decanoate (Andreasen et al., 2010) 4

Chlorprothixene (Davis, 1975) 3

Thiothixene (Andreasen et al., 2010) 4

Molindone (Woods, 2005) 5

Prochlorperazine (Leucht et al., 2014; Woods, 2005) 2,5

Atypical antipsychotics

Risperidone (Andreasen et al., 2010) 4

Risperidone

action prolongée

(Kroken et al., 2009; Woods, 2005) 1,5

Olanzapine (Andreasen et al., 2010) 4

Quetiapine (Andreasen et al., 2010) 4

Ziprasidone (Andreasen et al., 2010) 4

Aripiprazole (Andreasen et al., 2010) 4

clozapine (Andreasen et al., 2010) 4

Asenapine (Leucht et al., 2014; Woods, 2005) 2,5

Iloperidone (Leucht et al., 2014; Woods, 2005) 2,5

Lurasidone (Leucht et al., 2014; Woods, 2005) 2,5

Paliperidone (Leucht et al., 2014; Woods, 2005) 2,5

Sertindole (Kroken et al., 2009; Leucht et al., 2014) 1,2

Amisulpride (Bazire, 2007) 6

Sulpride (Bazire, 2007) 6



Supplementary Table 2 - Differential microRNA expression, adjusted for age and sex.

ΔmiRNA T-value
MaxT corrected
p-value

Beta
parameter

Unadjusted
p-value

95% confidence
interval

hsa_miR_3191_5p 3.56 0.001 1.24 0.001 [0.55, 1.94]

hsa_miR_150_5p -3.14 0.023 -1.02 0.002 [-1.67, -0.37]

hsa_miR_1275 -2.85 0.078 -0.54 0.006 [-0.92, -0.16]

hsa_miR_6893_5p 2.78 0.098 1.25 0.007 [0.36, 2.15]

hsa_miR_4769_3p -2.65 0.152 -0.82 0.01 [-1.44, -0.2]

hsa_miR_4442 2.6 0.183 0.58 0.011 [0.14, 1.02]

hsa_miR_3679_5p 2.3 0.383 0.47 0.024 [0.06, 0.88]

hsa_miR_4697_3p 2.08 0.587 0.55 0.041 [0.02, 1.08]

hsa_miR_499b_3p 2.06 0.597 0.13 0.043 [0.0, 0.26]

hsa_miR_18b_3p 2.06 0.597 0.27 0.043 [0.01, 0.53]

hsa_miR_6805_5p 1.99 0.661 0.59 0.05 [-0.0, 1.18]

hsa_miR_520a_5p 1.95 0.706 0.45 0.054 [-0.01, 0.91]

hsa_miR_4423_3p -1.9 0.752 -0.24 0.062 [-0.5, 0.01]

hsa_miR_6877_5p 1.78 0.855 0.65 0.08 [-0.08, 1.38]

hsa_miR_557 1.71 0.895 0.32 0.092 [-0.05, 0.69]

hsa_miR_3134 1.61 0.941 0.18 0.113 [-0.04, 0.41]

hsa_miR_486_5p -1.55 0.96 -0.59 0.124 [-1.34, 0.17]

hsa_miR_15b_5p -1.51 0.968 -0.33 0.135 [-0.77, 0.11]

hsa_miR_125a_3p 1.47 0.975 0.51 0.144 [-0.18, 1.2]

hsa_miR_4433a_5p 1.31 0.993 0.33 0.195 [-0.17, 0.82]

hsa_miR_548h_3p -1.29 0.994 -0.08 0.199 [-0.2, 0.04]

hsa_miR_1909_5p -1.2 0.999 -0.48 0.232 [-1.26, 0.31]

hsa_miR_6090 0.13 1 0.05 0.898 [-0.77, 0.88]

hsa_miR_2681_3p 0.85 1 0.33 0.4 [-0.45, 1.12]

hsa_miR_98_5p -0.87 1 -0.19 0.385 [-0.61, 0.24]



Supplementary Table 3 - Genes targeted by at least 3 microRNAs
(see supplementary csv file for full mirDip output)

gene Number of microRNAs targeting the gene

DYRK1A 7

IGF1R 7

C1orf21 6

RIMS3 6

CNOT6L 6

IKZF2 6

PAPPA 6

TPM3 5

EPB41L1 5

LCOR 5

BACH2 5

LPP 5

DCX 5

MECP2 5

CCND2 5

CELF2 5

SEMA6D 5

ONECUT2 5

ELMSAN1 5

VTI1A 5

AMOT 5

SLC1A2 5

SMAD2 5

CEP350 5

AEBP2 5

INSR 5

QKI 5

IGF1 5

NFAT5 5

DCAF8 4

PEG10 4

RSBN1 4



HMGA1 4

BCL11B 4

AGO1 4

KMT2A 4

BTBD9 4

PAG1 4

MAPK1IP1L 4

TRIM33 4

PHF20 4

PHC3 4

EIF4G2 4

FAM84B 4

ACVR2B 4

MYCL 4

CD47 4

ZNF148 4

MAN2A2 4

FZD4 4

OPA3 4

MNT 4

SLC4A7 4

WDR37 4

KHNYN 4

PSD3 4

SNX1 4

MOB3B 4

BNC2 4

PLPP6 4

GABRA4 4

RBFOX2 4

ABCC5 4

PCDH19 4

AMMECR1L 4

SYNJ1 4

RAB8B 4

RBM12 4

CDK6 4

SREK1IP1 4

DLGAP2 4



AFF2 4

AGO4 4

DCP2 4

MAPK9 4

NTRK2 4

TEX261 4

RNF38 4

CYB561D1 4

TGFBR1 4

FOXN3 4

DTNA 4

TEAD1 4

TP53INP1 4

TSC22D3 4

ERLIN2 4

BAZ2A 4

SSR1 4

ADAMTS5 4

AFF4 4

PHACTR2 4

HS2ST1 4

PIK3R1 4

NAV1 4

ATRN 4

NOTCH2 4

SNX27 4

SREK1 4

PGM2L1 4

HTR4 4

PDE4D 4

PAFAH1B1 4

RPS6KA3 4

UBFD1 4

HMGA2 4

CTDSPL2 4

UBN2 4

PDP1 4

E2F3 4

PURB 4



MAP3K9 4

MOB4 4

DCBLD2 4

ATXN1 4

RPS6KB1 4

CBL 4

NAA15 4

ARMC8 4

BRWD1 4

CPEB4 4

STEAP3 4

KCNC4 4

CMTM6 4

GATAD2B 4

ABHD2 4

SLC8A1 3

RAPGEFL1 3

CCSER2 3

TTC14 3

PRRC2C 3

SMARCD2 3

RNMT 3

PHF8 3

MBNL1 3

SH3TC2 3

PRRX1 3

NPR3 3

BPTF 3

DMRT2 3

EZH1 3

VEGFA 3

CAMK2G 3

RAB22A 3

AGPAT3 3

SLC12A5 3

PARD6B 3

PARP16 3

BMPR1A 3

SEMA3A 3



VAV2 3

DST 3

ADAMTS6 3

AKIRIN1 3

REPS2 3

ZC3HAV1 3

ANKRD12 3

CLOCK 3

RBFOX1 3

AKAP2 3

KCNMA1 3

RAB3IP 3

ACSL4 3

GAS7 3

KCNJ3 3

SEC22A 3

SMARCC1 3

EIF5A2 3

MTHFR 3

POM121C 3

SLC9A6 3

CHD9 3

ARHGAP20 3

NEXMIF 3

ZER1 3

C16orf72 3

FBXO21 3

ITPRIPL2 3

MIER3 3

CMTM4 3

TUBB 3

TBL1XR1 3

CAMSAP2 3

TAOK1 3

ASH1L 3

MIB1 3

C6orf120 3

ARHGAP5 3

CACNB2 3



BCL7A 3

WIPF2 3

RUNX1 3

GLCE 3

NUAK1 3

WDFY3 3

MAP3K3 3

RAPH1 3

PFKFB2 3

WDR26 3

JADE1 3

SYPL1 3

KPNA6 3

TMCC1 3

ARPP19 3

FAM208A 3

AKT2 3

TGOLN2 3

ATP2B1 3

NLGN1 3

MAMLD1 3

CREBZF 3

BZW1 3

ATG9A 3

DTX4 3

BSN 3

TOGARAM1 3

CHIC1 3

ATAD2B 3

ACOX1 3

YPEL2 3

MBD1 3

GJC1 3

GRPEL2 3

ZNF697 3

PPT2 3

ENAH 3

INO80D 3

TMC7 3



DNAJC16 3

CRTAP 3

KPNA1 3

BTF3L4 3

MEF2C 3

ITSN1 3

USP47 3

RTL3 3

SLC10A7 3

NRG1 3

CBX2 3

SUCO 3

POM121 3

IPO9 3

PITPNA 3

BBX 3

KLHL3 3

TRPS1 3

HBP1 3

MYO5A 3

EIF5 3

PTAR1 3

MASP1 3

NAB1 3

NOL4L 3

ZNRF2 3

POU2F1 3

NR4A3 3

AMOTL1 3

CYLD 3

B3GNT2 3

LIMD1 3

ZBTB33 3

NUP98 3

FOXP1 3

DVL3 3

MGA 3

ZFP91 3

TXLNG 3



ADAM19 3

ATXN7L3 3

CAST 3

COL4A3BP 3

SYT7 3

ATP2B2 3

ZHX3 3

PDLIM5 3

CALU 3

CADM2 3

PISD 3

PFN2 3

MAP2K4 3

P2RX7 3

YTHDF3 3

PPARA 3

PPP2R1A 3

PPP1R12B 3

WSB1 3

THRA 3

RB1 3

TNRC6A 3

OTUD4 3

ZKSCAN1 3

PRDM1 3

PLXNC1 3

ZNF609 3

ZIC1 3

TSPYL5 3

BEND4 3

ATP2B4 3

ATXN1L 3

TNPO1 3

PTPRD 3

RGS4 3

IRF2BP2 3

MBNL2 3

RICTOR 3

ISLR 3



ETNK1 3

HIPK2 3

VGLL3 3

ZCCHC3 3

ANK2 3

MAP4 3

RGS6 3

TMEM245 3

TNRC6B 3

CD84 3

BLOC1S6 3

LBH 3

NR2C2 3

BSDC1 3

UBE2W 3

SCN4B 3

KMT2D 3

ARHGEF9 3

NFASC 3

KIF2A 3

TENM2 3

XPO4 3

TMEM135 3

USP9X 3

UBE2J1 3

ZSCAN25 3

SP5 3

TET3 3

CELF1 3

SEC14L5 3

KMT5B 3

MYRIP 3

PLAGL2 3

PLA2G15 3

CPEB2 3

GAN 3

FGF7 3

WAPL 3

BTBD3 3



IGF2BP1 3

FOSL2 3

CD164 3

MAP3K13 3

POLD3 3

ZBTB5 3

CANX 3

DUSP3 3

DMD 3

ARNT 3

NMT1 3

LRP1B 3

PTPN3 3

FAM46C 3

YWHAZ 3

EPS15 3

MLLT10 3

KAZN 3

FRMD6 3

G3BP2 3

TSC22D2 3

SGK1 3

DCLK1 3

TAB3 3

ITGAV 3

PDCD4 3

MINOS1 3

SLC7A11 3

CREBRF 3

PPM1E 3

SSX2IP 3

ATRNL1 3

SLC7A6 3

FBN1 3

PURG 3

NLK 3

SLAIN2 3

KSR2 3

PGAP1 3



TMOD1 3

OPHN1 3

ASIC1 3

CCNJ 3

MYB 3

GPATCH8 3

SLC4A4 3

NAV2 3

VAPA 3

RCOR1 3

PRDM2 3

ARHGEF12 3

PTPRB 3

XIAP 3

MMP16 3

PTCH1 3

FAM60A 3

PRRG1 3

SRGAP2 3

RPP14 3

PDPR 3

MRPS25 3

CCNT2 3

LHX6 3

PAPOLG 3

EDA 3

GANAB 3

CPD 3

PBX3 3

DYNC1LI2 3

STX3 3

PLAG1 3

JADE3 3

RFFL 3

PAFAH2 3

ACVR2A 3

OSBPL3 3

GATM 3

FNDC3B 3



TMEM55A 3

DESI2 3

KIF1B 3

ZFAND5 3

CTDSPL 3

ULK2 3

CYB5B 3

IGF2BP2 3

STK39 3

ATP6V1A 3

MTMR4 3

GALNT1 3

CLCN5 3

RAB14 3

BDNF 3

UTP15 3
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