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% Check for updates Suicidality is amajor public health concern, and characterizing plasma

proteomic profiles linked to suicidal behaviors (SBs, including suicide
attempt and death by suicide) offers promising avenues for developing
novel therapeutic targets. In this study, leveraging data from 53,026 UK
Biobank participants with baseline measurements of 2,920 plasma proteins,
we identified 421 proteins significantly associated with past SBs. Of these, 15
proteins were linked to anincreased risk of future SBs. These SBs-associated
proteins were predominantly enriched ininflammatory pathways,
including cytokine-cytokine receptor interactions and tumor necrosis
factor-receptorinteractions. Further co-regulated network analysis
revealed three distinct protein networks associated with SBs, which were
involved ininflammatory and cell-cell adhesion pathways. Furthermore,
these SBs-related proteins and co-regulated protein networks were
correlated with the volume of brain regions implicated in emotion, including
the medial and lateral orbitofrontal cortex, insula, middle temporal cortex
and superior frontal cortex. Crucially, Mendelian randomization analysis
identified one protein (GGH) as a potential causal factor for SBs, and this
protein was also identified as a mediator of the effect of body mass index on
SBs. Finally, machine-learning models incorporating plasma proteins and
demographic data achieved moderate performance in identifying past SBs
(areaunder the receiver operating characteristic curve = 0.79). This study
provides valuable insights into the biological mechanisms underlying SBs
and offers potential therapeutic targets.

Suicidality is a major public health concern', encompassing suicidal
ideation, suicide attempt and death by suicide’. Given the potential for
fatal outcomes, suicidal behaviors (SBs, including suicide attempt and
deathbysuicide) have becomea critical focus of research®. According to
thebiopsychosocialmodel, SBs are influenced by acomplexinterplay
of psychological, social and biological factors*. While numerous risk
factors for SBs have been identified’, their predictive value remains lim-
ited, particularlyinaccurately determining who will ultimately engage
insuicidal behaviors®. In addition, traditional suicide risk assessments,
which rely heavily on psychological evaluations, are often subjective

and challenging to standardize. Therefore, identifying relevant bio-
markers holds great promise for improving risk assessment, advanc-
ing our understanding of biological mechanisms underlying suicidal
behaviors and suggesting potential new therapeutic targets.
Proteins are essential biomolecules that drive cellular functions
and biological processes, serving as the final products of gene expres-
sion’. In particular, plasma proteins play crucial roles in regulating
cell signaling, transport, growth, repair and immune defense. Nota-
bly, plasma proteins can be released from damaged cells, providing
insightsinto anindividual’s health status®. The dynamic nature of the
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plasma proteome, combined with easy accessibility of blood, makes
plasma proteins promising candidates for disease diagnosis and risk
prediction®°. For example, arecent study demonstrated the ability to
predict dementiaby leveraging acombination of key plasmabiomark-
ersand basicdemographicindicators, achieving accurate predictions
more than a decade before clinical diagnosis".

Despite these advantages, research specifically focused on plasma
proteinprofilesinrelationto SBs remains limited. For example, arecent
study involving 288 patients with bipolar disorder analyzed 92 plasma
proteins and identified 16 potential biomarkers associated with future
suicide attempts using a multivariate classification approach™. Of
these, three proteins (SCGB1A1, ANXA10 and CETN2) demonstrated
significant associations in individual analyses, although the overall
effect sizes observed were modest. Similarly, an investigation of 39
peripheral cells and proteins related to immune function, oxidative
stressand plasticity in266 patients with mood disorders reported that
elevated plasma levels of TSP-2 (thrombospondin-2) and C-reactive
proteinwere associated with past-month suicide attempts, while higher
levels of TSP-1and PDGF-AB (platelet-derived growth factor-AB) pre-
dicted future attempts'. These findings suggest potential temporal
differencesin peripheral biomarker profiles across different stages of
thesuicidal process. Therole of inflammatory biomarkers in suicidal-
ity was further supported by a Mendelian randomization (MR) study,
which demonstrated that genetic upregulation of IL-6 (interleukin-6)
signaling was associated with suicidal ideation'. More recently, a
large-scale proteomic analysis of 4,719 blood-derived proteomes froma
cohort of 35,559 individualsidentified one protein, platelet endothelial
aggregationreceptor1(PEAR1), as potentially causally associated with
suicide attempts through MR analysis”. However, limited evidence
of colocalization for PEAR1 reduces confidence in its relevance to
suicide attempts. Taken together, these studies implicate inflamma-
tory and other proteinsin SBs but remain constrained by small sample
sizes, modest effect sizes and incomplete mechanistic insight. These
limitations highlight the need for larger-scale proteomic studies using
well-characterized case-control datasets to more comprehensively
define plasma proteome profiles associated with SBs and to develop
reliable biomarkers for SBrisk prediction.

To address these research gaps, we conducted a comprehensive
proteomic analysis within a large cohort from the UK Biobank, includ-
ing2,920 plasma protein measurements fromover 50,000 adults, with
follow-up periods extending up to15 years. Utilizing both cross-sectional
and longitudinal designs, we first identified individual proteins linked
to pastand future SBs through logistic regression and Cox proportional
hazards models, respectively. Functional annotation was subsequently
performedto elucidate the biological roles of these proteins. Inaddition,
co-regulated network analyses were conducted to explore protein net-
works relevant to SBs. To further investigate how SBs-related proteins
and co-regulated protein networks may influence neural systems, we
examined correlations of these proteins and co-regulated protein net-
works with brain structure measurements. Moreover, we employed
two-sample and two-step MR approachesto explore potential causal rela-
tionships between proteins and co-regulated protein networks and SBs,
aswell as potential causal pathways linking recognized behavior-related
risk factors, proteins, co-regulated protein networks and SBs. Finally,
machine-learning models were developed to assess the accuracy of

plasmaproteinsin classifying past SBsand predicting future occurrences
(see Fig. 1 for an overview of the study). Collectively, these integrative
approaches may provide novelinsights into the biological mechanisms
underlying SBs and facilitate the identification of biomarkers that could
inform precision prevention and guide the development of targeted
therapeutic strategies.

Results

Atotal of 53,026 individuals (mean age 56.81 years; standard devia-
tion (s.d.) 8.21; 53.91% women; 93.69% white) with measurements of
2,920 unique plasma proteins were included in our analysis. Of these,
268 individuals had engaged in SBs before protein data collection
(cross-sectional cases), while 202 individuals developed SB during
afollow-up period of up to 13.46 years after protein data collection
(median4.58 years; longitudinal cases). Baseline sociodemographicand
clinical characteristics of cases and controlsin both the cross-sectional
and longitudinal analyses are provided in Supplementary Table 1.

Identification of plasma proteins associated with SBs
Cross-sectional associations. To identify plasma proteins associated
with SBs, we first examined the associations between 2,920 unique
plasma protein levels and SBs using logistic regression analyses in
cross-sectional data. The analyses were adjusted for sex, age, assess-
ment centers, ethnicity, socioeconomic status, body massindex (BMI),
proteinbatch, the timelagbetweenblood sample collectionand prot-
eomic testing, smoking status and six categories of disease diagnoses at
baseline. Resultsrevealed that 421 (14.42%) proteins were significantly
associated with SBs after false discovery rate (FDR) correction for
multiple comparisons (8 =-1.30 to 1.49, § are regression coefficients
throughout, FDR-adjusted P value < 0.05, Pepr = 6.23 x 108 to 0.049;
Fig. 2a). Of these, 388 proteins were positively correlated with SBs,
while 33 were negatively correlated (Fig. 2a).

Amongtheidentified proteins, PLAUR demonstrated the strongest
association with SBs (8=1.49, Py = 6.23 x 107), followed by LAMP3
(B=0.70, Prpr =4.68 x 107%), WFDC2 (8= 0.83, Prpr = 6.56 X 1072), PIGR
(B=0.96, Prpp = 7.77 x10™2) and GDF15 (8= 0.59, Py = 1.19 x 1079). A
full list of protein identifiers with their full names is provided in Sup-
plementary DataTable1, and the complete results of the cross-sectional
protein analysis are available in Supplementary Data Table 2.

Longitudinal associations. We further examined the longitudinal
associations between the concentration of 2,920 plasma proteins and
the incidence of SBs measured over a 15-year follow-up period using
Cox proportional hazard models, adjusting for the same covariates asin
the cross-sectional analyses. Ofthe 2,920 proteins, 19 (0.65%) reached
significance after FDR correction (hazard ratio (HR) = 0.35-2.83,
Pepr=3.86 x107% to 0.038; Fig. 2b and Supplementary Data Table 3).
Importantly, 15 of these proteins were also identified as significant
in the cross-sectional associations, suggesting consistency across
cross-sectional and longitudinal data in identifying SBs-related pro-
teins. To account for the potential influence of diagnostic delay, we
repeated the Cox proportional hazards models, excluding partici-
pants diagnosed with SBs within the first year of follow-up. The results
remained consistent, reaffirming the robustness of the observed asso-
ciations (Fig. 2c and Supplementary Data Table 4).

Fig.1| Overview of study design. This study analyzed data from 53,026 UK
Biobank participants, with follow-up periods extending up to 15 years. The dataset
included hospital inpatient records and death register data with ICD-10 codes,
measurements of 2,920 plasma proteins, brain structural imaging dataand 13
behavior-related risk factors. First, logistic regression and Cox proportional
hazards models were used to assess cross-sectional and longitudinal associations
between individual plasma proteins and SBs. Second, we conducted co-regulated
network analyses to explore protein networks relevant to SBs. Functional
annotations of SBs-associated proteins and protein networks were performed

to uncover their biological significance. Third, we examined the associations of
SBs-related proteins and protein networks with brain structure measurements
(including gray matter volumes and white matter microstructures). Furthermore,
we applied two-sample and two-step MR approaches to investigate potential
causal links between proteins and co-regulated protein networks and SBs, as

well as potential causal pathways linking behavior-related risk factors, proteins,
co-regulated protein networks and SBs. Finally, machine-learning models were
developed to evaluate the accuracy of plasma proteins inidentifying past SBs and
predicting future occurrences.
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Functional annotation of SBs-related proteins
Enrichment analysis. To elucidate the biological relevance and databases available on the Metascape platform revealed signifi-
regulatory pathways of SBs-associated proteins, we conducted cant FDR-corrected enrichment in ten pathways (P = 7.45 x107°
three types of enrichment analyses on the gene-set encoding the to 0.027), including cytokine-cytokine receptor interaction, tumor
421 significant proteins identified in cross-sectional associations.  necrosis factors (TNFs) binding to their physiological receptors, NABA
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matrisome-associated, antimicrobial humoral response, and pancre-
atic cancer subtypes (Fig. 2f and Supplementary Data Table 5). Sec-
ond, tissue-specific enrichment using the GTEx v8 database showed
significant FDR-corrected enrichment among up-regulated differen-
tially expressed genes (DEGs) from the lung, salivary gland, vagina,
colon, adipose tissue, small intestine, breast, blood and stomach, as
well asamong down-regulated DEGs from testis and pituitary tissues
(Prpr=2.21 x10™2t0 0.045; Fig. 2d and Supplementary Data Table 6).
Third, transcription factors (TFs) analysis using the TRRUST (tran-
scriptional regulatory relationships unraveled by sentence-based
text-mining) databaseidentified 71 TFs significantly involved in regu-
lating these proteins after FDR correction (Pppz = 5.87%x107t0 0.050).
Thetop TFswere NFKB1 (the nuclear factor of kappalight polypeptide
geneenhancerinB-cells1), RELA (the v-rel reticuloendotheliosis viral
oncogene homolog A), STAT3 (the signal transducer and activator
of transcription 3), JUN (the jun proto-oncogene), SP1 (the Sp1 tran-
scription factor), and STAT1 (the signal transducer and activator of
transcription1) (Fig. 2e, Supplementary Data Table 7).

PPI network analysis. Protein-protein interaction (PPI) was con-
ducted to explore the interconnections among the 421 SBs-related
proteins usingthe STRING database. By applying astringent confidence
threshold of 0.9, which corresponds to the highest level of interaction
confidencein STRING and indicates that the retained interactions are
supported by very strong evidence from multiple sources, we gener-
ated a robust network of 417 nodes and 184 edges, demonstrating
the extensive interconnectivity of these proteins. To prioritize key
proteins within the network, we ranked nodes by degree centrality,
which reflects the number of direct connections each protein has
and is widely used as an importance score in network analyses. IL-6, a
key pro-inflammatory cytokine, was identified as the top-ranked hub
protein (Fig. 2g).

Druggability assessment. To explore potential druggable targets,
SBs-associated proteins were mapped to DrugBank and the Thera-
peutic Target Database. Targets were annotated according to either
the International Classification of Diseases, Tenth Revision (ICD-10)
or the Anatomical Therapeutic Chemical (ATC) system. Using ICD-10
categories, we identified significant enrichment across 21 disease
groups, including inflammatory polyarthropathies and malignant
neoplasms-related conditions. Notably, inflammatory polyarthropa-
thies showed the strongest enrichment, driven by 23 genes suchas/L-6
and TNFRSF11 (Supplementary Data Table 8). Using the ATC system, 18
genes, including /L-6 and TNFRSF11, were mapped to existing drugs,
primarily antineoplastic and immunomodulating agents. However,

this enrichment reached only marginal statistical significance (P= 0.09;
Supplementary Data Table 8).

Identification of co-regulated protein networks associated
with SBs
In addition to examining individual plasma proteins, we grouped the
full set of 2,920 plasma proteins into co-regulated networks accord-
ing to their co-expression patterns using a data-driven approach
(Netboost)'*". This analysis identified seven non-overlapping pro-
tein networks, with sizes ranging from 35 to 1,726 proteins (Fig. 3a).
We then quantified the association between the expression of each
network and SBs in both cross-sectional and longitudinal datasets,
adjusting for covariates, including sex, age, assessment center, ethnic-
ity, socioeconomic status, and BMI, smoking status and six categories
of baseline disease diagnoses. In the cross-sectional analyses, three
protein networks were significantly associated with SBs after FDR cor-
rection (Fig. 3b and Supplementary Data Table 9): module 5 (odds ratio
(OR) =1.43, Prpz = 2.50 x 1077, hub proteins: IFNGR1, CD59, BSG, BTN2A1,
CLMP, COLEC12), module 7 (OR =1.30, Pipr =1.06 x 1075, hub proteins:
DSG3, SPINKS, TACSTD2, CST6, CA9, DSG4) and module 4 (OR = 0.86,
Pppr = 0.032, hub proteins: NOTCH1, ALCAM, NOTCH3, LTBP2, ADGRES,
ADGRE2). However, no significant associations with SBs were observed
for any of the networks in the longitudinal datasets (Fig. 3¢,d).
Toelucidate the functional roles of these networks, we performed
pathway enrichmentanalyses on the gene-set encoding proteins within
the three identified networks/modules. The gene-set encoding pro-
teins in module 5 were significantly enriched in 20 pathways, most
of which were related to inflammatory processes (Pgpg = 4.95 x 1078
to 0.011; Fig. 3e), including cytokine-cytokine receptor interaction,
immunoregulatory interactions between lymphoid and non-lymphoid
cells, and regulation of ymphocyte-mediated immunity. By contrast,
proteinsin module 4 were significantly enriched in pathways related to
cell-celladhesion (Ppz = 0.001; Fig. 3f). No significant pathways were
observed for the proteins in module 7.

Associations of SBs-related proteins and protein networks
with brain structures

Protein associations. To assess the relationship between SBs-related
proteins and brain structure measurements, we conducted linear
regression analyses examining 421 proteins in relation to 82 gray mat-
ter volumes and 135 white matter microstructures. For gray matter
volumes, 381 protein-gray matter pairs were found to be significant
after FDR correction (Pgpg =3.13 X 107 to 0.049), with 88 positive and
293 negative correlations. Notably, 62 out of the 82 gray matter volumes
exhibited associations with at least one SBs-related protein. Cortical

Fig. 2| Proteins associated with SBs and their functional highlights. a, Cross-
sectional associations between plasma proteins and SBs. The x axis represents

the effect size (), and the y axis represents —log;, of uncorrected Pvalue resulting
from two-sided logistic regression tests between SBs and each plasma protein.
Positive associations are shown in red and negative associationsinblue. The
dashed lines indicate significance thresholds after multiple testing correction
using Bonferroni correction (top) and FDR correction (bottom), respectively.

The top tensignificant proteins are labeled (FDR-adjusted P value < 0.05).

b,c, Longitudinal associations between plasma proteins and incident SBs during
the entire follow-up period (b) and starting from 1 year onward (c). The x axis
represents the HR, and the y axis represents —log,, of uncorrected P value resulting
from two-sided Cox proportional hazard models between SBs and each plasma
protein. Positive associations are shown in red and negative associations in blue.
The dashed lines indicate significance thresholds after multiple testing correction
using Bonferroni correction (top) and FDR correction (bottom), respectively.

The top significant proteins are labeled (FDR-adjusted Pvalue < 0.05).d, Tissue-
specific enrichment analysis for the gene-set encoding SBs-related proteins using
the GTEx v8 database. Green, blue and orange bars indicate down-regulated,
up-regulated and dually regulated DEGs across various tissues, respectively.

Numbers on the bars indicate the number of genes involved in this tissue-specific
enrichment. The x axis represents the -log,, of the g value for each tissue,
reflecting the level of statistical significance after FDR correction. e, Transcription
factor enrichment analysis for genes encoding SBs-associated proteins using the
TRRUST database. The top six transcription factors are annotated. Each enriched
transcription factor is linked to its related gene. The red color bar indicates the
significance of the cross-sectional association between plasma proteins and SBs,
with darker colors denoting higher levels of significance. f, Pathway enrichment
analysis of the gene-set encoding SBs-related proteins using six databases

within the Metascape platform: Gene Ontology (GO) biological processes, Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathways, Reactome pathways,
WikiPathways, Hallmark pathways and Canonical pathways. The x axis represents
the -log,, of the g value for each pathway, and the y axis lists different pathways,
distinguished by color coding based on the source database. g, Protein—protein
interaction network of SBs-associated proteins. Each node represents a protein,
with darker shades indicating higherimportance. The edges connecting

nodes representinteraction strength, with thicker edges indicating stronger
interactions according to the combined score value.
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regions such as the insula, superior frontal cortex, fusiform, middle
temporal cortex, and medial and lateral orbitofrontal cortex, along with
subcortical regions, including thalamus, pallidum and hippocampus,
demonstrated the highest number of associations (Fig.4aand Supple-
mentary Data Table 10). Among proteins, ITGA1l and GDF15 exhibited
the most associations, linkingto 23 and 17 distinct gray matter regions,
respectively.

For white matter microstructures, 182 protein-white matter pairs
were significant after FDR correction (Pepg = 2.24 x 10°t0 0.050), with
120 positive and 62 negative correlations. These significant associa-
tionsinvolved predominantly measures of mean diffusivity (MD, such
asinferior and superior longitudinal fasciculus) and isotropic volume
fraction (ISOVF, suchas middle cerebellar peduncle and posterior tha-
lamic radiation; Fig. 4b and Supplementary Data Table 10). Of these,
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Fig.3|Co-regulated protein networks associated with SBs and their
functional annotations. a, A hierarchical cluster tree 0f 2,920 plasma
proteins, with the band indicating the division of proteins into seven distinct
modules using Netboost clustering (53,026 participants). b, Associations
between module expression and SBs in the cross-sectional datasets (N, = 268,
Neontrol = 52,662). Data are presented as ORs with 95% confidence intervals

(Cls). Protein networks significantly associated with SBs (FDR corrected)

are highlightedin light green. c,d, Associations between module expression

HR (95% CI)

-log,, (g value)

and SBs in the longitudinal datasets during the entire follow-up period

(Nease =202, Noniror = 52,303) (c) and starting from one year onward (N, = 185,
Neonwrot = 52,181) (d). Data are presented as HRs with 95% Cls. e,f, Pathway
enrichment analysis of the gene-set encoding proteinsin modules 5 (e) and 4

(f) based on six databases within the Metascape platform. The top eight
enriched pathways are shown, and the x axis represents the -log,, g value for
each term. The six hub proteins, which are most strongly correlated with overall
network expression in each module, are also displayed.

growth/differentiation factor 8 (MSTN) showed the most associations,
connected with 17 white matter microstructures.

Co-regulated protein network associations. We also examined
the relationship between the three identified co-regulated protein
networks and brain structure measurements. Protein module 5 was
associated primarily with cortical regions, including the insula, medial
orbitofrontal cortex, transverse temporal cortex and precuneus
(Pyncorrectea < 0.021; Fig. 4¢). By contrast, protein module 7 was associ-
ated mainly with the hippocampus, amygdala, pars opercularis and
middle temporal cortex (Pyycorrected < 0-05; Fig. 4€). Protein module 4
was associated with the middle temporal cortex, supramarginal gyrus,
superior temporal cortex, precuneus, pallidumand thalamus (Py,corrected
<0.02; Fig. 4d). However, none of the network-level associations
survived FDR correction.

Causal effects between proteins, co-regulated protein
networks and SBs

To investigate potential causal relationships between proteins,
co-regulated protein networks and SBs, we conducted bidirectional
two-sample MR analyses between 421 plasma proteins and SBs, as well
as between the three protein networks and SBs. Forward MR results
obtained using the inverse variance weighted (IVW) method indicated
that, of the 424 proteins or protein networks examined for potential
causal effects on SBs, 43 reached significance at Py,,, < 0.05, and one
protein, GGH (gamma-glutamyl hydrolase), remained significant after
Bonferronicorrection (OR,, =1.07, Pyor = 0.035; Supplementary Data

Table 11). This association did not show substantial horizontal pleiot-
ropy (asindicated by Py,ercep: fOr MR-Egger intercept > 0.05) and single
nucleotide polymorphisms (SNPs) heterogeneity (P > 0.05).Inthe
reverse MR analyses, we identified potential causal effects of SBs on
35 proteins at P, < 0.05. However, none of these proteins survived
after FDR correction.

Causal pathways linking behavior-related risk factors,
proteins and SBs

On the basis of the preceding bidirectional two-sample MR analysis,
which suggested GGH as a potential causal protein for SBs, we further
explored potential pathways linking behavior-related risk factors,
GGH and SBs. Thirteen behavior-related risk factors were selected:
age at the first intercourse, smoking, BMI, neuroticism, loneliness,
risk-taking, cumulative traumatic events and childhood adversity (and
its five subtypes: physical neglect, emotional neglect, sexual abuse,
physical abuse and emotional abuse).

First, univariable MR analyses were performed to assess the poten-
tial causal effects of behavior-related risk factors on SBs. After FDR
correction, nine factors remained significantly associated with SBs
(Pepr = 6.11 X 107 to0 0.049; Supplementary Data Table 11): smoking,
age at thefirstintercourse, neuroticism, cumulative traumatic events,
childhood adversity, risk-taking, BMI, emotional neglect and loneli-
ness. We subsequently explored the potential causal relationship
between these ninerisk factors and GGH using univariable MR analysis.
Three factors showed evidence consistent witha potential influence on
GGH after FDR correction (Pgpg = 2.43 x 1077 t0 0.023; Supplementary
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Data Table 11): BMI (OR,,y =1.22, = 0.20), age at first intercourse
(ORy =0.88, 3=-0.13) and neuroticism (OR,, =1.16, = 0.14).
Drawing onthese findings, we proposed potential pathwaysinter-
linking behavior-related risk factors, GGH and SBs and applied multi-
variable MR analysis to assess potential mediation effects. This analysis
supported one primary pathway: behavior-related risk factor > GGH >
SBs, with GGH acting as a potential mediator. Specifically, GGH medi-
ated 7.22% of the effect of BMI on SBs (Supplementary Data Table 11).

Proteomics-based machine-learning models for SBs

To evaluate the effectiveness of plasma proteins in identifying past SBs
and predicting future occurrences, we developed machine-learning
models using both cross-sectional and longitudinal protein measure-
ments, with or without demographic information (age and sex). For
the machine-learning model focused on identifying past SBs using
cross-sectional protein data, aset of top 50 plasma proteins was exhib-
ited and ranked by their importance to the classification task (Fig. 5a
and Supplementary Data Table 12). Through asequential forward selec-
tion strategy, the 23 most relevant proteins were selected as the final
predictors for the model development. Among these, PLAUR emerged
as the most significant protein, aligning with findings from logistic
regression analyses. This model achieved an area under the receiver
operating characteristic curve (AUC) of 0.756 in the cross-sectional
classification (Fig. 5¢). A notable improvement was observed when
demographicinformation wasincluded (AUC = 0.792; Fig. 5c). Impor-
tantly, we also developed amachine-learning model to predict future
SBs using longitudinal protein data. The top 27 proteins were chosen as
thefinal predictors for the machine-learning model development using
asequential forward selection strategy (Fig. 5b and Supplementary
DataTable12). This predictive model yielded an AUC of 0.548 (Fig. 5d).
Including demographic variables further enhanced the model’s per-
formance, resulting in an AUC of 0.566 (Fig. 5d). Additional models

incorporating BMI alongside proteins and demographic variables
yielded little furtherimprovement (cross-sectional: AUC = 0.791; lon-
gitudinal: AUC = 0.545; Supplementary Data Table 12).

Discussion
This large-scale study with 2,920 plasma proteins measured in more
than 50,000 participants revealed plasma proteomic profiles associ-
ated withSBsin both cross-sectional and longitudinal analyses. We iden-
tified 421 unique plasma proteins associated with past SBs, 15 of which
also showed significant associations with future SBs. These SBs-related
proteins were enriched in pathways such as cytokine-cytokine receptor
and TNF-receptor interactions, highlighting the role of theimmune-
inflammatory pathway in SBs. Co-regulated network analysis further
identified three protein networks linked to SBs, involving inflamma-
tory and cell-cell adhesion pathways. In addition, these SBs-related
proteins and co-regulated protein networks were correlated with the
volume of brain regions involved in emotion, including the medial
and lateral orbitofrontal cortex, insula, superior frontal cortex and
middle temporal cortex. Notably, our findings suggest one specific
protein, GGH, as a potential causal factor for SBs, and GGH mediates
the effect of behavior-related risk factors such as BMl on SBs. Finally,
our machine-learning models demonstrated that plasma proteinlevels,
combined with demographicdata, could accurately identify past SBs.
Our analysesidentified 421 plasma proteins associated with SBsin
cross-sectional analyses, with 15 of these associations replicated in the
longitudinal analysis. Among these, PLAUR, aninflammation-related
protein, showed particularly strong associations with SBs, whereas
IL-6, a key pro-inflammatory cytokine, emerged as a hub protein in
PPI network analysis. Functional enrichment analysis further indi-
cated that these SBs-related proteins were involved predominantly
ininflammatory pathways, such as cytokine-cytokine receptor inter-
actions and TNF-receptor interactions. Collectively, these results
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theirimportancein the task for SBs. The line chart illustrates the cumulative
AUCs (right axis) on the inclusion of proteins, one by eachiteration, and shaded
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regions represent the corresponding 95% Cls derived from cross-validation
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(b), highlighted inred, were selected as final predictors for model development.
c,d, AUC plots display the performance in a holdout testing dataset (remaining
1/3 dataset) for SB classification (c) and prediction (d). Shaded regions represent
95% Cls derived from the holdout testing dataset.

suggest thatinflammatory processes play acritical rolein the patho-
physiology of SBs. Our results align with previous studies demonstrat-
ing that an inflammatory profile is linked to increased SB risk. For
example, abnormal levels of pro-inflammatory cytokines (such as
IL-1B, IL-6 and TNF) in the plasma, cerebrospinal fluid and postmor-
tem brain tissue have consistently been reported in individuals with
SBs'®22, The co-regulated protein network analyses further support
the involvement of inflammatory processes in SB risk. In particular,
protein module 5 was enriched for multiple immune-related path-
ways, such as cytokine-cytokine receptor interaction and immu-
noregulatory interactions between lymphoid and non-lymphoid cells,
and regulation of lymphocyte-mediated immunity. Consistent with
these findings, our previous systems-level study also demonstrated
that a biological cluster comprising elevated lymphocyte count,
monocyte count, white blood cell count and C-reactive protein was
significantly associated with increased SBs’. Taken together, our
findings suggest thatinflammatory factors may serve as biomarkers
reflecting the severity of SBrisk and offer potential targets for future
therapeuticinterventions.

Beyond inflammatory processes, our results highlighted addi-
tional biological processesimplicated in SBs, notably those related to
cell-cell adhesion, as revealed by enrichment of protein module 4. Cell
adhesion molecules (CAMs) are essential for neural circuit develop-
mentand maintenance by regulating synapse formation, stabilization
and plasticity”>**. Dysregulation of CAM signaling may compromise
synapticintegrity and plasticity, potentially disrupting the structural

morphology and connectivity of neural circuits that underlieemotion
regulationandimpulse control***. Consistent with this notion, protein
module 4 was correlated with structural measures of multiple brain
regions, including the middle temporal cortex, supramarginal gyrus,
superior temporal cortex, precuneus, pallidum and thalamus, which
are involved in integrative processing of emotion regulation, social
cognition, self-referential processing, reward and motivation. Altera-
tionsinthese brainregions have also beenreportedinindividuals with
suicidality, as evidenced by neuroimaging and postmortem studies
showing reduced synaptic density and aberrant connectivity®* 2%, Taken
together, these findings suggest that disruptions in CAM-mediated
processes could contribute to neural alterations underlying SBs.

Our findings indicated that various cortical brainregions, includ-
ing the insula, superior frontal cortex, precuneus, middle temporal
cortex, and medial and lateral orbitofrontal cortex, were highly cor-
related with SBs-associated proteins. Reduced gray matter volume
in these brain areas was also significantly associated with increased
polygenic risk scores for suicide attempts in our previous work®, par-
ticularlyintherightinsula, ventromedial prefrontal cortex, and medial
and lateral orbitofrontal cortex. These regions substantially overlap
with thoseidentified inarecent postmortem study of individuals who
died by suicide, which reported significant gray matter volume reduc-
tionsinthe ventral anterior cingulate, orbitofrontal cortex, insulaand
precuneus®, Collectively, these findings highlight the potential critical
involvement of the insula, precuneus and orbitofrontal cortex in the
neurobiology of SBs. These regions may form a functional network
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integrating interoception, self-reflection, emotional regulation and
value-based decision-making°. Dysfunction within this network
could contribute to maladaptive cognitive and behavioral patterns,
thereby increasing the risk of SBs.

In our MR analyses, elevated levels of GGH were implicated as a
potential causal factor for SBs. GGH is a key enzyme in folate metabo-
lism, catalyzing the hydrolysis of polyglutamylated folates into mono-
glutamyl forms that are transportable and utilizable in one-carbon
metabolism®. Clinically, reduced serumfolate levels have been observed
inindividuals with SBs***, and folicacid supplementation has been asso-
ciated with reduced SBs**. One possible explanation for our finding is
thatupregulation of GGH may occurinresponse to reduced folate avail-
ability, reflectinga compensatory attempt to increase folate turnover.
However, excessive GGH activity may paradoxically deplete intracel-
lular folate as the conversion to monoglutamyl forms facilitates folate
efflux and destabilizes cellular folate storage®. In addition, we further
observed that GGH mediates the effects of behavior-relatedrisk factors,
such as BMI, on SBs. Elevated BMlis linked to chronic low-gradeinflam-
mation and oxidative stress*, both of which can impair one-carbon
metabolism and reduce folate availability. In this context, GGH may
actasamechanisticintermediary linking metabolicand inflammatory
disturbances to folate dysregulation and increased SBs risk.

PLAUR (urokinase plasminogen activator surfacereceptor, uPAR),
astable inflammatory biomarker and central component of the plas-
minogen activation system®, emerged as the protein most strongly
associated with SBsin our study. This is consistent with previous find-
ings of elevated plasmasoluble uPAR (suPAR) levelsin suicide attempt-
ers, where suPAR outperformed C-reactive protein in distinguishing
attempters from controls®. These results suggest that PLAUR/suPAR
may have clinical utility inidentifying individuals at elevated SBs risk.
Beyond serving as a robust inflammatory indicator, PLAUR may also
represent a mechanistic link between immune activation and vas-
cular biology in shaping SBs vulnerability. Immunologically, uPAR
regulatesimmune cell adhesion and migration®’, with elevated suPAR
reflecting chronic systemic immune activation. Vascularly, uPAR par-
ticipatesin fibrinolysis and angiogenesis, with potential implications
forendothelial function and blood-brain barrier integrity”. Together,
these processes suggest a putative ‘immune-vascular-brain’ pathway,
through which peripheral inflammatory signals may impact central
nervous system circuits relevant to SBs*°. Thus, rather than serving
solely as a passive biomarker, PLAUR/suPAR could be considered a
candidate hub mediating the interplay between immune and vascu-
lar pathology in SBs risk, although this hypothesis warrants further
mechanistic investigation.

Our study also has several conceptual implications that warrant
further discussion. First, while our machine-learning model achieved
moderate performance in identifying past SBs, its performance in
predicting future SBs was poor. This highlights the limited capacity of
proteomic and demographic data alone for prospective risk prediction
and suggests that more integrative, multimodal approaches (such as
combining proteomics withgenomics, neuroimaging and psychosocial
markers) may be necessary to enhance predictive performance. Sec-
ond, our findings reinforce the role of inflammatory factors, including
IL-6, cytokine-cytokine receptor interaction and TNF-receptor signal-
ing,in SBs. These factors are broadly implicated across psychiatricand
medical conditions. Their non-specificity, however, complicates causal
interpretation in the context of SBs. Elevated inflammatory signaling
may influence SB vulnerability through diverse mechanisms, includ-
ing altered neurotransmitter metabolism, hypothalamic-pituitary-
adrenal axis dysregulation and impaired neuroplasticity*. Therefore,
inflammatory factors, including IL-6, cytokine-cytokine receptor
interaction and TNF-receptor signaling, may be best conceptualized
as components of awider landscape of systemic dysregulation, rather
than SBs-specific pathways. Finally, enrichmentin the pancreatic can-
cer subtypes pathway does not imply a direct association between

SBs and pancreatic cancer. Instead, it may reflect shared molecular
processes, such as immune regulation and metabolism, which are
relevant to both cancer biology and vulnerability to SBs.

While our study has many strengths, such as benefitting froma
large population-based sample and utilization of various data-driven
approaches, several limitations should be considered wheninterpret-
ing these results. First, the measurement data for the approximately
3,000 plasma proteins were obtained using the Olink platform. This
platform does not provide comprehensive coverage of the plasma
proteome and may introduce bias toward certain proteins. Future
research expanding proteomic coverage to include cell-specific and
organ-specific splice isoforms and post-translational modifications
could offer deeper biological insights into SBs. Second, given that
plasma protein levels are subject to biological variations, repeated
measurements over time would be necessary to improve the reliabil-
ity of the findings. Third, it is essential to acknowledge the inherent
limitations of the UK Biobank dataset, such as the ‘healthy volunteer’
bias* and the fact that participants are primarily middle- to late-aged
individuals of European ancestry. These factors may limit the gen-
eralizability of our findings to more diverse populations. Fourth,
although we applied stringent multiple testing corrections and
sensitivity analyses, the combination of modest case numbers with
high-dimensional proteomic data may still constrain statistical power
and stability of results. Therefore, our findings should be regarded as
exploratory, and future studies with larger and more diverse cohorts
will be essential to validate and extend these results. Fifth, inclusion
ofbaseline medication use as additional covariates attenuated some
of the observed associations between plasma proteins and SBs, par-
ticularly in the longitudinal analyses. While this adjustment probably
reduced confounding, it may also have introduced overfitting given
therelatively small number of cases. In addition, medication use dur-
ing follow-up was not comprehensively captured, limiting our ability
to assess dynamic effects. Future studies incorporating longitudinal
tracking of medication use and its impact on both plasma protein
levels and SBs would improve causal inference and clarify temporal
relationships. Finally, although we controlled for socioeconomic
status, BMI, smoking and multiple categories of chronic medical and
psychiatric disorders, other lifestyle and environmental factors, such
asdiet, physical activity and sleep, were not systematically accounted
for. These factors may influence systemic inflammatory profiles and
SBrisk, and their integration will be critical in future work.

Methods

Study population

The UK Biobank is a population-based cohortinitiated between 2006
and 2010 inthe United Kingdom (http://www.ukbiobank.ac.uk). Over
500,000 participants aged 37-73 years were recruited at baseline.
Comprehensive healthinformation was collected for each participant,
including lifestyle factors, health conditions, physical measures, bio-
logical samples, imaging data and genotyping. Long-term follow-up
has been successfully established and is currently under way. The UK
Biobank has received research tissue bank approval from the North
West Multi-centre Research Ethics Committee, and informed consent
was obtained from all participants. This study used the UK Biobank
Resource under application number 19542.

Proteomic profiling

Blood samples were collected from over 50,000 participants during
their baseline recruitment visit. Proteomic profiling was performed
on blood plasma samples using the Olink Explore 3072 platform by
Olink Analysis Service in Sweden. This platform captured 2,923 unique
proteinanalytes, measured across eight panels, including cardiometa-
bolic, cardiometabolic II, inflammation, inflammation II, neurology,
neurology II, oncology and oncology Il. Protein measurements were
provided as normalized protein expression values, following stringent
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quality control protocols as recommended by the manufacturer®.
For further details on UK Biobank proteomics participant selection,
sample handling and quality control of protein data, refer to ref. 43.
Three proteins were excluded from the analysis due to more than 50%
missing values. After exclusions, atotal of 2,920 unique proteins were
included in our analysis.

SBs definitions

Cases of SBs were identified by integrating information from hospital
inpatientrecords and deathregister data, with a diagnosis code of X60-
X84 according to ICD-10 (https://icd.who.int/browsel0/2019/en#/
X60-X84), encompassing suicide attempt and death by suicide’. Cases
were classified into two groups depending on whether the behavior
occurred earlier or later than the time of the baseline assessment (pre or
postblood sample collection), with the former used for cross-sectional
analyses and the latter for prospective longitudinal analyses.

In the cross-sectional study, the control group comprised indi-
viduals who had not attempted suicide before the baseline assess-
ment. In the longitudinal study, individuals who had not attempted
suicide before the baseline assessment were followed until the earliest
recorded date of SBs diagnosis, or the date of death, or censoring (that
is, 1September 2023), whichever occurred first. Cases and controls
wereidentified according to the occurrence of SBs during the follow-up
period. To avoid misclassification, individuals with ICD-10 diagnosis
codes for X40-X49 (accidental poisoning by and exposure to noxious
substances), Y10-Y34 (event of undetermined intent), Y87.0 (sequelae
ofintentional self-harm) and Y87.2 (sequelae of events of undetermined
intent) were excluded from the control group due to externalillness or
deathpotentially related to SBs. In total, 268 cases (all suicide attempts)
and 52,662 controls with plasma proteomic data were included in
the cross-sectional analysis, while 202 cases (83% suicide attempts
and 17% deaths by suicide) and 52,303 controls were included in the
longitudinal analysis.

Phenotypes

Structural MRI phenotypes. The UK Biobank collected multimodal
brain imaging from approximately 40,000 participants using a
standard Siemens Skyra 3 T scanner (VD13A SP4) equipped with a
standard Siemens 32-channel head coil. All quality checks and data
pre-processing procedures were conducted by the UK Biobank.
Detailed information regarding acquisition protocols, image process-
ing pipelines,image datafiles and imaging-derived phenotypes of brain
structureisavailable on the UK Biobank website (https://biobank.ndph.
ox.ac.uk/showcase/showcase/docs/brain_mri.pdf). Structure MRI
encompassed primarily two categories: gray matter volumes derived
from T1-weighted imaging data and white matter microstructures
obtained from diffusion-weighted imaging data. A total of 68 cortical
gray matter volumes defined by the Desikan-Killiany atlas (category
192) and 14 subcortical volumes defined by the ASEG atlas (category
190) were included in our analyses. Measures of white matter micro-
structure, including fractional anisotropy, MD, intracellular volume
fraction, orientation dispersion and ISOVF, which were available for
27 major tracts mapped across the brain, were used (category 135).

Behavior-related phenotypes. Thirteen behavior-related risk factors
were included to quantify the pathway interlinking behavior-related
phenotypes, proteins, protein networks and SBs. These phenotypes
were selected according to their strong associations with SBs risk>**,
including age at the first intercourse (data field 2139), smoking (data
field 20160), BMI (data field 21001), neuroticism (data field 20127),
loneliness (datafield 2020), risk-taking (data field 2040), cumulative
traumatic events (category 145) and childhood adversity (data field
20487-20491, five items from the UKB Mental Health Questionnaire,
including five specific subtypes: physical neglect, emotional neglect,
sexual abuse, physical abuse and emotional abuse).

Statistical analysis

Logistic regression analysis. Logistic regression analyses were con-
ducted using the R-implemented glm function on 2,920 unique plasma
proteins to identify those associated with SBs in cross-sectional data
(Nease = 268, N onirol = 52,662). These analyses were adjusted for poten-
tial confounders, including sex, age, assessment center, ethnicity
(categorized as white and others), socioeconomic status (as measured
by the Townsend deprivationindex), BMI, protein batch, the time lag
between blood sample collection and proteomic testing, smoking
status (categorized as ever smoker and never smoker) and baseline
diagnoses of chronic medical or psychiatric disorders. The baseline
disorders comprised 37 conditions grouped into six categories: psy-
chiatric, nervous system, cardiovascular, endocrine system, immune
systemand cancer (see Supplementary Table 2 for details). Significant
associations were determined with an FDR-corrected two-sided P
value < 0.05. Similarly, logistic regression analyses were performed
for seven protein network expressions, adjusting for sex, age, assess-
ment center, ethnicity, socioeconomic status, BMI, smoking status
and six categories of baseline disease diagnoses. An FDR-corrected
two-sided P value < 0.05 was also considered significant. Note that,
for all analyses, participants with missing proteomic or covariate
data were excluded from the relevant analyses, and no imputation
was applied.

To examine the potential influence of medication use, additional
logistic regression analyses were performed for both plasma proteins
and co-regulated protein networks, with five categories of baseline
medication use added as confounders. These categories, psychotropic
drugs, antiepileptics, opioids, cardiometabolic drugs and steroids/
immune modulators, were classified according to the ATC system at the
third level* (see Supplementary Table 3 for details). Results from these
additional analyses are summarized in the Supplementary Information
(page 4) and reported in Supplementary Data Table 13.

Cox proportional hazards model. Cox proportional hazards models
were conducted using the survival package in R to quantify longitudi-
nal associations between the 2,920 plasma proteins and incident SBs
(Nease =202, N onero1 = 52,303). Time 0 was defined as the date of blood
draw at baseline, which served as the reference point for prospective
analyses. A fully adjusted model was utilized, incorporating the same
covariates as in the logistic regression analyses, including sex, age,
assessment center, ethnicity, socioeconomic status, BMI, protein
batch, the time lag between blood sample collection and proteomic
testing, smoking status and six categories of baseline disease diagno-
ses. Statistical significance was defined as an FDR-corrected two-sided
Pvalue < 0.05. In sensitivity analyses, we excluded individuals who had
attempted suicide within the first year of the baseline examination
and performed the same association analyses. In addition, similar
Cox models were employed to examine the longitudinal associations
between the seven network expressions and incident SB, adjusting
for sex, age, assessment center, ethnicity, socioeconomic status, BMI,
smoking status and six categories of baseline disease diagnoses. Finally,
additional Cox models incorporating five categories of medication
use as confounders were conducted for both plasma proteins and
co-regulated protein networks to assess the potential influence of
medication use, and the results are reported in the Supplementary
Information (page 4).

Co-regulated protein networks. The co-regulated protein net-
works (modules) were constructed from the full set of 2,920 plasma
proteins across 53,026 participants using the Bioconductor R pack-
age Netboost*®. Netboost serves as a dimensionality reduction tool
that enhances the well-established methodology of weighted gene
co-expression network analysis'®". In accordance with previous
network-based proteomic analyses**®, we set aminimum module size
of20 and employed a Spearman filter method with asoft power of =2,

Nature Mental Health


http://www.nature.com/natmentalhealth
https://icd.who.int/browse10/2019/en#/X60-X84
https://icd.who.int/browse10/2019/en#/X60-X84
https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/brain_mri.pdf
https://biobank.ndph.ox.ac.uk/showcase/showcase/docs/brain_mri.pdf

Article

https://doi.org/10.1038/s44220-025-00582-5

determined throughananalysis of network topology (considering scale
independence and mean connectivity). Further computational details
areprovidedinref. 48 andinthe Supplementary Information (page5).

Correlation analysis. The R-implemented Im function was used to
examine lineal associations between plasma protein levels and brain
structural measurements. Each association test included covariates
for sex, age, assessment center, ethnicity, socioeconomic status, BMI,
protein batch, time lag, smoking status and six categories of baseline
disease diagnoses, with total intracranial volume included as an
additional covariate for analyses of gray matter volumes. Statistical
significance was assessed using FDR correction across protein-gray
matter volume pairs (421 proteins x 82 gray matter volumes = 34,522
associations) and protein-white matter microstructure pairs (421
proteins x 135 white matter microstructures = 56,835 associations).
Similar analyses were conducted to assess the associations between
SBs-related co-regulated protein network expressions and brain
structural measurements, except for adjusting for protein batch
and time lag.

Two-sample and two-step MR. The TwosampleMR package in
R was used to perform bidirectional two-sample MR analyses on
SBs-associated proteins, co-regulated protein networks and SBs.
Genome-wide association study (GWAS) summary statistics for SBs
were obtained from a European ancestry SB GWAS meta-analysis in
a previous study*’, but excluding UK Biobank data to prevent sample
overlap (33,353 cases and 444,626 controls; see details in page 6 of the
Supplementary Information).

GWAS summary data for the 421 SBs-associated proteins were
provided by the UK Biobank Pharma Proteomics Project consortium,
as reported previously (N>50,000)*. In addition, GWAS summary
data for SBs-associated co-regulated protein networks (modules 4, 5
and7) were generated from the UK Biobank samples used to compute
co-regulated protein networks (N =53,026). These GWAS analyses
employed linear regression in PLINK 2.0°°. Further criteria on data
exclusion, quality control, ancestry checks and relatedness adjust-
ments are available in the Supplementary Information (page 7).

For causal testing of proteins and co-regulated protein networks
on SBs, we selected genetic instruments at a P-value threshold of
5x1078, Each exposure’s significant SNPs were clumped using a dis-
tance of 1,000 kb and a maximum linkage disequilibrium of »=0.01,
according to European ancestry reference data from the 1000
Genomes Project®. SNP effect data on both exposure and outcome
were harmonized by aligning effect alleles before conducting the MR
analysis. Note that 17 proteins were excluded from analysis due to hav-
ing fewer than three SNPs. For the causal impact of SBs on proteins and
co-regulated protein networks, we chose genetic instruments from
the SBs GWAS at a P-value threshold of 1x107%. These SNPs under-
went clumping with the same parameters, resulting in 28 independ-
ent genetic instruments. These SNPs were then identified within the
GWAS summary statistics for each outcome, and those that were not
presentinboth GWAS datasets were removed before harmonization.
The threshold of 1 x 107 was set to maintain a sufficient number of
genome-wide significant hits (three or more) for analysis in line with
MR method requirements, such as MR-Egger regression, as done in
previous studies.

We utilized primarily the VW method for MR analysis. Sensitivity
analyses evaluated potential horizontal pleiotropy using the MR-Egger
interceptand assessed geneticinstrument heterogeneity via Cochran’s
Qtest. We also utilized a multiplicative random-effects model to con-
firm any factors showing potential heterogeneity in genetic instru-
ments. Bonferronicorrection was applied across allexamined proteins
and co-regulated protein networks.

A two-step MR analysis®® was performed to explore potential
causal pathways linking selected behavior-related risk factors, plasma

proteins (GGH) and SBs. Detailed methods are available in the Supple-
mentary Information (page 8).

Machine-learning models. We employed Light GBM* to build amodel
aimed at predicting whether a participant fallsinto class O (individuals
without SBs) or class 1 (individuals with SBs). Briefly, all 2,920 plasma
proteins, along with or without demographic information (including
age and sex), were considered as predictors. The model was developed
using the derived dataset (randomly split 2/3 dataset) and evaluated
inaretained replication (remaining1/3 dataset). Models were trained
under a tenfold cross-validation strategy to find optimized proteins
and hyperparameters. Evaluation was performed using bootstrap
with 1,000 iterations. Model performance was evaluated using dis-
crimination measured by the AUC, which ranges from 0.5 (indicating
anon-informative model) to 1 (indicating a perfect discriminating
model). Using this approach, we built four machine-learning models
that included either protein measurements alone or protein meas-
urements combined with demographic information (age and sex)
for cross-sectional (N, =268, N oniroi = 52,662) and longitudinal
(Nease =202, Noognerot = 52,303) datasets, respectively. In addition, we
developed machine-learning models that integrated protein meas-
urements with demographic variables (age and sex) and BMI in both
cross-sectional and longitudinal datasets.

Enrichment analysis, protein-protein interaction network analysis
and druggability assessment. Functional annotations of SBs-related
proteins were performed on the basis of the plasma proteins signifi-
cantly associated withSBsin the cross-sectional analysis to characterize
their biological relevance. Detailed methods are provided in the Sup-
plementary Information (pages 9-10).

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

Data availability

The data used in this study are available from UK Biobank (https://
www.ukbiobank.ac.uk) with restrictions applied. Datawere used under
license and are thus not publicly available. Researchers can apply
for access to the UK Biobank data via the Access Management Sys-
tem (https://www.ukbiobank.ac.uk/enable-your-research/apply-for-
access). Publicly available summary-level datawere obtained fromthe
following sources: the GWAS summary statistics for suicide attempts
were obtained for this specific study from the PGC SUI Data Access
Committee under a data use agreement that does not permit public
redistribution (ref. 49). Researchers interested in these specific data
canapply directly to the committee foraccess at https://pgc.unc.edu/
for-researchers/data-access-committee/data-access-portal/. GWAS
summary data for plasma proteins can be downloaded from the UK
Biobank PharmaProteomics Project (http://ukb-ppp.gwas.eu) (ref. 43).
European ancestry reference data from the 1000 Genomes Project
can be found at https://github.com/getian107/PRScsx?tab=readme-
ov-file (ref. 51).

Code availability

The analyses in this study utilized a range of software and packages.
Statistical modeling, including logistic regression (base R), linear
regression (base R), Cox proportional hazards models (survival v3.6.4),
co-regulated protein network analysis (Netboost v2.18.1) and Mende-
lian randomization (TwoSampleMR package v0.5.6), was conducted in
R(v4.2.3). GWAS was carried out with PLINK 2.0. Machine-learning mod-
els were developed using the LightGBM library (v3.3.2) in Python 3.9.
Furthermore, several online platforms were employed for functional
enrichment analyses: the Metascape platform for pathway enrich-
ment, the FUMA GENE2FUNC module for tissue-specific enrichment,
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the TRRUST database for transcriptional regulator enrichment
and the STRING database for protein-protein interaction network
analysis. Druggability assessment was conducted using the GREP
platform. All primary code used in this study has been made publicly
accessible via the GitHub repository (https://github.com/beimagic/
Suicide_PlasmaProteins).
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed
IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Gjve P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

OXX O OO0 000F%

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  The data for this study were sourced exclusively from the UK Biobank. Consequently, no software for data collection were required.




Data analysis R Environment (v4.2.3):
Base glm function for logistic regression analysis.
Base Im function for linear regression analysis.
survival package (v3.6.4) for Cox proportional hazards regression models.
Netboost package (v1.0.0) for co-regulated protein network analysis.
TwoSampleMR package (v0.5.6) for univariable and multivariable Mendelian Randomisation analyses.
Python Environment (v3.9):
LightGBM library (v3.3.2) for the development of machine learning models.
Standalone Software & Web Platforms:
PLINK 2.0 for GWAS analysis.
Metascape platform for pathway enrichment analysis.
FUMA GENE2FUNC module for tissue-specific enrichment analysis.
TRRUST database for transcriptional regulators enrichment analysis.
STRING database for protein-protein interaction network analysis.
GREP platform for druggability assessment.
Code Repository:
The custom analysis code generated in this study is publicly available without restrictions in the GitHub repository: https://github.com/
beimagic/Suicide_PlasmaProteins.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The individual-level data from UK Biobank (https://www.ukbiobank.ac.uk) that support the findings of this study are not publicly available due to privacy and ethical
restrictions. Access to this data requires approval through the UK Biobank Access Management System (https://www.ukbiobank.ac.uk/enable-your-research/apply-
for-access). This study used the UK Biobank Resource under application number 19542.

Publicly available summary-level data were obtained from the following sources:

GWAS summary data for plasma proteins: The UK Biobank Pharma Proteomics Project (http://ukb-ppp.gwas.eu).

European ancestry reference data: The 1000 Genomes Project (https://github.com/getian107/PRScsx).

The GWAS summary statistics for suicide attempts were obtained for this specific study from the PGC SUI Data Access Committee under a data use agreement that
does not permit public redistribution. Researchers interested in these specific data must apply directly to the committee for access at https://pgc.unc.edu/for-
researchers/data-access-committee/data-access-portal/. The PGC data access committee typically provides an initial response to data access requests within 1-2
weeks.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender The study included both male and female participants from the UK biobank. Sex (Field ID 31) in the UK Biobank was
determined based on self-reporting data via a questionnaire. Summary statistics on sex distributions were reported in Table
1 of Supplementary Materials. All statistical models were adjusted for sex to account for its potential influence.

Reporting on race, ethnicity, or  The study cohort, drawn from the UK Biobank, was predominantly white (>93%) in both the cross-sectional and longitudinal

other socially relevant datasets. We observed no significant difference in ethnicity distribution between the suicidal cases and controls, as detailed

groupings in Table 1 of Supplementary Materials. all association analyses were adjusted for ethnicity to account for this potential
confounder.

Population characteristics In the cross-sectional analysis, the 268 cases of suicidal behaviour had a higher proportion of females (59.33%) and were

younger (mean age 52.09 + 7.81 years) compared to the 52,662 controls (53.89% female; mean age 56.83 + 8.21 years). A
similar age difference was observed in the longitudinal dataset, which included 202 cases (47.03% female; mean age 54.55 +
8.73 years) and 52,303 controls (53.91% female; mean age 56.83 + 8.20 years). Further demographic details are provided in
Table 1 of Supplementary Materials. All statistical analyses were adjusted for age and sex.

Recruitment The UK Biobank is a prospective, population-based cohort that recruited more than 500,000 participants aged 37 - 73 years
who attended 1 of 22 assessment centers across the United Kingdom between 2006 and 2010. The assessment visits
comprised interviews and questionnaires covering lifestyles and health conditions, physical measures, biological samples,
imaging, and genotype data.

Ethics oversight UK Biobank has received ethical approval from the North West Multi-centre Research Ethics Committee (MREC, https://
www.ukbiobank.ac.uk/learn-more-about-uk-biobank/about-us/ethics), and informed consent through electronic signature
was obtained from study participants. This study utilized the UK Biobank Resource under application number 19542,

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Sample sizes were not predetermined using statistical methods. We utilized the entire available dataset with plasma protein data from the UK
Biobank. In total, 268 cases (all suicide attempts) and 52,662 controls with plasma proteomic data were included in the cross-sectional
analysis, while 202 cases (83% suicide attempts and 17% deaths by suicide) and 52,303 controls were included in the longitudinal analysis.
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Data exclusions  Three proteins were excluded from the analysis due to more than 50% missing values.

Replication All available data were used to maximize the statistical power of the analysis. No other cohort of this magnitude available for replication at
this stage.

Randomization  All plasma protein associations were adjusted for sex, age, assessment centres, ethnicity, socioeconomic status, BMI, protein batch, the time
lag between blood sample collection and proteomic testing, smoking status, and six categories of baseline disease diagnoses.
All co-regulated protein network associations were adjusted for sex, age, assessment centres, ethnicity, socioeconomic status, BMI, smoking

status, and six categories of baseline disease diagnoses.

Blinding Blinding was not applicable to this study as this study is observational.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChiIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern

XX XX XXX s
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Plants

Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Authentication Describe-any-atithentication-procedures for-each-seed-stock-tised-or-novel-genotype-generated—Describe-any-experiments-used-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.

Magnetic resonance imaging

Experimental design

Design type Structural MRI and diffusion MRI




Design specifications The UK Biobank designed the imaging acquisition protocols including 6 modalities, covering structural, diffusion and
functional imaging. The collection order is T1-weighted structural image, resting-state functional MRI, task functional
MRI, T2-weighted FLAIR structural image, diffusion MRI and susceptibility-weighted imaging. The T1-weighted structural
MRI data was acquired using straight sagittal orientation for 5 minutes. The diffusion MRI data was acquired for 7
minutes (including 36 seconds phase-encoding reversed data).

Behavioral performance measures ~ We used the T1-weighted structural imaging and diffusion imaging, which do not require task performance.
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Acquisition

Imaging type(s) T1-weighted structural MRI and diffusion MRI

Field strength 3T

Sequence & imaging parameters 3D MPRAGE sequence was used for T1-weighted MRI data and SE-EPI sequence was used for diffusion MRI data.
The detailed scanning parameters is described in the references (Alfaro-Almagro, Neurolmage (2018); Smith et al.,
NatureNeuroscience (2021); Miller et al., Nature Neuroscience (2016) and Elliott et al., Nature (2018)),as well as the
online refs (https://biobank.ctsu.ox.ac.uk/crystal/crystal/docs/brain_mri.pdf).

Area of acquisition Whole brain

Diffusion MRI Used [ ] Not used

Parameters Diffusion MRI data in the UK Biobank is obtained with two b-values (b = 1,000 and 2,000 s/mm?2) at a spatial resolution of 2 mm using
a multiband acceleration factor of 3, which allows for the acquisition of three slices simultaneously. For the two diffusion-weighted
shells, 50 distinct diffusion-encoding directions were acquired (and all 100 directions are distinct). The diffusion preparation is a
standard ("monopolar") Stejskal-Tanner pulse sequence. This enables higher SNR due to a shorter echo time (TE=92ms) than a twice-
refocused ("bipolar") sequence. This improvement comes at the expense of stronger eddy current distortions, which are removed in
the image processing pipeline.

Preprocessing

Preprocessing software The gray matter volume was computed with FreeSurfer v6.0.0. The diffusion MRI was processed with FSL.

Normalization The gray matter volume from T1w MRI images was measured in subject space,rather than standard space, so the T1w images
were not normalized. The diffusion weighted images were normalized with FNIRT-based nonlinear warping in FSL.
Specifically, although the Eddy and BEDPOSTx outputs are in the space and resolution of the (GDC-unwarped) native diffusion
data space, the nonlinear transformation between subject space and 1Imm MNI standard space is used to create
tractography results in Imm standard space. Detailed processing can be found at https://biobank.ctsu.ox.ac.uk/crystal/
crystal/docs/brain_mri.pdf

Normalization template As mentioned above, the T1w images were in subject space and dMRI images were normalized to
FMRIB58_FA_1mmstandard space.

Noise and artifact removal Details are available at https://biobank.ctsu.ox.ac.uk/crystal/crystal/docs/brain_mri.pdf or the references (Alfaro-Almagro,
Neurolmage (2018); Smith et al., Nature Neuroscience (2021); Miller et al., Nature Neuroscience (2016) and Elliott et al.,
Nature (2018)). Briefly,the dMRI data is corrected for eddy currents and head motion, and has outlier-slices (individual slices
in the 4D) corrected.

Volume censoring Detailed in Alfaro-Almagro, Neurolmage (2018); Smith et al., Nature Neuroscience (2021); Miller et al., Nature Neuroscience
(2016) and Elliott et al., Nature (2018).

Statistical modeling & inference

Model type and settings The R-implemented "Im" function was used to examine lineal associations between plasma proteins levels and brain
structural measurements. Each association test included covariates for sex, age, assessment centres, ethnicity,
socioeconomic status, BMI, protein batch, time lag, smoking status, and six categories of baseline disease diagnoses, with
total intracranial volume (TIV) included as an additional covariate for analyses of grey matter volumes. Similar analyses were
conducted to assess the associations between co-regulated protein networks expressions and brain structural
measurements, except for adjusting for protein batch and time lag.

Effect(s) tested Neither ANOCA nor factorial designs were used.

Specify type of analysis: [ | whole brain ROI-based [ ] Both

A total of 68 cortical grey matter volumes defined by the Desikan-Killiany atlas and 14 subcortical
volumes defined by the ASEG atlas were included. Measures of white matter microstructure, including FA

Anatomical location(s) (fractional anisotropy), MD (mean diffusivity), ICVF (intra-cellular volume fraction), OD (orientation
dispersion), and ISOVF (isotropic volume fraction), which were available for 27 major tracts mapped
across the brain were used.




Statistic type for inference ROI-wise statistical inference was made.

(See Eklund et al. 2016)
Correction Statistical significance was assessed using FDR correction across protein-grey matter volume pairs, protein-white matter
microstructure pairs, network-grey matter volume pairs, and network-white matter microstructure pairs, respectively.

Models & analysis

n/a | Involved in the study
|:| Functional and/or effective connectivity
|:| Graph analysis

|:| Multivariate modeling or predictive analysis
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