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Supplementary Methods
Detailed description of GWAS data and quality control 
[bookmark: OLE_LINK19]Cognitive performance (CP) data were sourced from the GWAS meta-analysis conducted by the Social Science Genetic Association Consortium in collaboration with the Cognitive Genomics Consortium (COGENT) and the UK Biobank [1]. In the UK Biobank, cognitive performance was indexed by a standardized score on a verbal–numerical reasoning test, designed to assess fluid intelligence. This test consisted of 13 logic and reasoning questions completed under a two-minute time limit and was administered during in-person assessments (data field 20016) or an online follow-up (data field 20191). Participants could complete the test up to four times; the mean standardized score across available assessments was calculated for each individual and subsequently standardized and residualized according to established UK Biobank procedures. A total of 222,543 individuals were included in this analysis. In the COGENT consortium dataset (N = 35,298), cognitive performance was defined as the first unrotated principal component derived from performance on at least three neuropsychological tests or at least two IQ subscales within each contributing study. The cognitive measures generally reflected overall accuracy or total correct responses. Across the 35 component studies, the first principal component explained an average of 41% of the variance in cognitive test performance, with a mean Cronbach’s alpha of 0.70, indicating acceptable internal consistency.
Fluid Intelligence Test (FI) — A test designed to assess reasoning and problem-solving skills, encompassing both fluid and crystallized intelligence [2]. The score is calculated as the unweighted sum of correct answers to 13 fluid intelligence questions. Results are presented as the log-transformed total number of correct responses, with higher scores indicating better fluid intelligence. Reaction Time Test (RT) — A test measuring processing speed [2]. The score reflects the mean time from task initiation to the first button press, summed across rounds where both cards matched. Higher scores indicate slower processing speed. Prospective Memory Test (PM) — A test focused on event-based prospective memory [2]. Participants are instructed to touch an orange circle before the test, and later, when shown four colored shapes, to touch the blue square after completing the cognitive tests. The outcome is assessed by the number of incorrect responses on the first attempt. Higher scores indicate poorer prospective memory. Pairs Matching Test (PAM) — A test of episodic memory [2]. Six pairs of matching symbol cards are displayed for five seconds in random order, and participants must identify as many pairs as possible with the cards face down. The outcome is based on the log-transformed total number of errors made. Higher numbers indicate poorer visual declarative memory. Numeric Memory Test (NM) — A test evaluating working memory [2]. The score reflects the longest number correctly recalled during the test. A value of -1 is recorded if the participant abandons the test before completing the first round. Higher scores indicate better working memory. Trail Making Test (TM) — A test of executive function [2]. The score represents the time taken to complete the numeric path, with 0 indicating “Trail not completed.” Higher scores reflect poorer executive function. 
[bookmark: OLE_LINK5]To ensure data integrity, stringent quality control steps were undertaken. Variants were excluded if they were non-biallelic, exhibited ambiguous alleles, had a minor allele frequency below 0.01, were duplicates, or showed allele mismatches with the 1000 Genomes Project Phase 3 reference panel. SNPs located in the major histocompatibility complex (MHC, chr6: 25-35 Mb) were removed due to their intricate linkage disequilibrium structure.

Detailed description of Independent Cohorts for PRS Validation 
Two independent cohorts were included for PRS validation, comprising a healthy control cohort (n = 522) and a schizophrenia cohort. Healthy participants were recruited from the local community with the following inclusion criteria: 1) Han Chinese ancestry; 2) age between 18 and 45 years; 3) no current or lifetime neurological or psychiatric disorders according to the Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition, Text Revision (DSM-IV-TR), assessed by psychiatrists using the Structured Clinical Interview for DSM-IV-TR Axis I Disorders, Non-patient Edition (SCID-I/NP); 4) no history of loss of consciousness exceeding 5 minutes; 5) no structural abnormalities on magnetic resonance imaging (MRI), confirmed by a radiologist; and 6) residence in Beijing for at least one year.
Patients with schizophrenia were recruited from clinical settings. Inclusion criteria were: 1) Han Chinese ancestry (including both participants and their biological parents); 2) age between 18 and 45 years; 3) right-handedness as assessed by a standardized handedness questionnaire; and 4) a diagnosis of schizophrenia confirmed independently by two psychiatrists using the Structured Clinical Interview for DSM-IV Axis I Disorders, Patient Edition (SCID-I/P), based on DSM-IV-TR criteria. Exclusion criteria for the schizophrenia cohort included: 1) comorbid DSM-IV Axis I or Axis II disorders; 2) substance-induced mental disorders (e.g., alcohol or drug abuse) or severe and unstable medical conditions, including diagnosed diabetes mellitus, thyroid disease, hypertension, heart disease, or other major physical illnesses; 3) narrow-angle glaucoma; 4) history of epilepsy or febrile convulsions; 5) receipt of electroconvulsive therapy within 6 months prior to enrollment; 6) pregnancy or lactation; and 7) contraindications to MRI scanning.
Cognitive performance in both cohorts was evaluated using the Chinese version of the MATRICS Consensus Cognitive Battery (MCCB), which includes nine tests assessing seven cognitive domains. Verbal learning was assessed using the Hopkins Verbal Learning Test–Revised (immediate recall), in which participants listened to a list of 12 words from three semantic categories and were asked to recall as many as possible after each of three learning trials. Visual learning was measured with the Brief Visuospatial Memory Test–Revised, requiring participants to view six geometric figures, each for 10 seconds, and reproduce them from memory. Reasoning and problem-solving were evaluated using the Neuropsychological Assessment Battery, mazes subtest, where participants completed seven timed mazes of increasing difficulty. Attention and vigilance were tested with the Continuous Performance Test, Identical Pairs version, in which participants responded to consecutive matching letters presented on a screen under three conditions (2-digit, 3-digit, and 4-digit). Working memory was assessed using the Wechsler Memory Scale–Third Edition, Spatial Span subtest, where participants tapped cubes in the same or reverse sequence as demonstrated on a board with 10 irregularly spaced cubes. Processing speed was evaluated through three tasks: the Trail Making Test, Part A (connecting numbered circles as quickly as possible), the Brief Assessment of Cognition in Schizophrenia, symbol coding subtest (writing digits corresponding to nonsense symbols), and the Category Fluency Test, animal naming (naming as many animals as possible within one minute). Social cognition was assessed with the Mayer–Salovey–Caruso Emotional Intelligence Test, managing emotions branch, a paper-and-pencil multiple-choice test evaluating emotion management abilities.

Pleiotropic analysis under composite null hypothesis analysis (PLACO)
This method identifies pleiotropic signals using summary-level association statistics across complex traits [3]. For each variant, PLACO detects pleiotropic associations by applying a composite null hypothesis. The global null hypothesis (H0) is defined as {βtrait1 = βtrait2 = 0}, while the sub-null hypotheses are {βtrait1 = 0, βtrait2 ≠ 0} and {βtrait1 ≠ 0, βtrait2 = 0}. Specifically, PLACO tests the null hypothesis (H0: βtrait1 × βtrait2 = 0) against the alternative hypothesis (H1: βtrait1 × βtrait2 ≠ 0), with the test statistic defined as TPLACO = Ztrait1 × Ztrait2. For each trait pair, trait1 and trait2 represent cognitive functions and autoimmune disorders, respectively, with βtrait1 and βtrait2 denoting the effect sizes of a SNP on each trait, and Ztrait1 and Ztrait2 representing the observed Z-scores for the SNP from the corresponding GWAS summary data. Rejection of H0 indicates that the SNP is a potential pleiotropic loci shared between the two traits. SNPs overlapping between the GWAS of each trait pair were included, with summary statistics harmonized to align with the same effect allele. SNPs with squared Z-scores exceeding 80 were excluded to prevent spurious signals arising from excessively large effect sizes. The Z-scores were de-correlated using a correlation matrix derived from the GWAS summary statistics to adjust for potential sample overlap. SNPs with PPLACO < 5 × 10−8 were considered significant pleiotropic loci.

Bayesian colocalization analysis
While PLACO is effective in identifying statistical pleiotropy, a SNP that is not directly associated with both traits but is in strong LD with nearby variants that independently influence each trait may still exhibit significant in the PLACO analysis [4]. To differentiate true pleiotropy from apparent pleiotropy, Bayesian colocalization analysis was subsequently performed on the FUMA-annotated loci [5]. The R package coloc facilitates Bayesian colocalization analysis for FUMA-annotated pleiotropic loci, enabling the identification of potential shared causal variants for each pleiotropic locus corresponding to pairwise traits [5]. This analysis operates under the assumption of a single causal variant and provides posterior probabilities (PP) for five hypotheses at each pleiotropic locus: H0: No association with either trait; H1: Association with cognitive functions, but not autoimmune disorders; H2: Association with autoimmune disorders, but not cognitive functions; H3: Association with both cognitive functions and autoimmune disorders, with two independent SNPs; H4: Association with both cognitive functions and autoimmune disorders, with one shared SNP. A genomic locus with PP.H4 > 0.7 is considered a colocalized locus with a potential shared causal variant. Additionally, the SNP with the highest PP.H4 within this locus is identified as a candidate causal variant.

Processing of DNA methylation data
Genome-wide DNA methylation was assessed using Infinium®HumanMethylationEPIC BeadChip Kit. Quality control for methylation profiling was conducted before the analysis: 1) samples with at least 5% of the probes that did not pass a 0.05 detection P value threshold will be filtered; 2) the probes with >0.01 detection P value in more than 5% samples and the probes with < 3 bead count in at least 5% samples will be removed; 3) probes with annotated SNPs together or with probes located on sex chromosomes or align to multiple locations as identified by Nordlund et al. and Zhou et al. (https://zwdzwd.github.io/InfiniumAnnotation) will be removed [6, 7]; 4) Beta values (ranging from 0 to 1) were then generated to represent methylation ratios at a given CpG site, and higher beta values indicate higher methylation levels; 5) Technical differences between two different probe types were then normalized by beta-mixture quantile normalization method (BMIQ) as implemented in the ChAMP R package [8]; 6) Function champ.runCombat from ChAMP R package was used to conduct the correction of batch effect; 7) Cell proportion was estimated by DNA Methylation Age Calculator and was applied into linear model to reduce the confounding from blood cell proportion.

Multi-trait colocalization analysis
Given the pivotal role of circulating immune traits in neuro-immune regulated mechanisms, we further performed multi-trait colocalization analysis on FUMA-annotated pleiotropic loci using GWAS summary statistics for pairwise traits and immune traits by hypothesis prioritization for multi-trait colocalization (HyPrColoc) method [9]. HyPrColoc uses summary statistics for a large number of traits to identify multi-traits colocalization association signals. This method accurately approximates the posterior probability of colocalization for a single causal variant by enumerating only a small number of putative causal associations (assuming that there is at most one causal variant per trait), avoiding repeated pairwise colocalization analyses, and identify co-localization signals between multiple traits efficiently and quickly. However, this method may increase the false negative rate and reduce the performance of identifying shared causal variants to some extent.
The GWAS summary statistics for 731 immune traits are publicly available in the GWAS Catalog (accession numbers: GCST0001391 - GCST0002121) [10], which includes 118 traits related to absolute cell counts, 389 reflecting median fluorescence intensities, 32 involving morphological parameters, and 192 related to relative cell counts. This GWAS analysis, conducted on 3,757 European samples (57% women), assessed approximately 22 million SNPs genotyped using high-density arrays, with adjustments made for covariates including gender, age, and age². Subsequently, these SNPs were imputed using a sequence-based reference panel.
For each pleiotropic loci, we extracted the GWAS summary statistics from corresponding cognitive phenotypes, autoimmune disorders and one of the 731 immune traits to perform HyPrColoc, resulting in a total of 33,626 colocalization analyses (46 pleiotropic loci × 731 immune traits). Genomic loci with a PP.H4 > 0.7 was considered a colocalized loci. These analyses could identify potential shared causal SNPs among neuro-immune traits and immune traits, thus to indicate the potential biological mechanisms involving certain immune traits. 

[bookmark: OLE_LINK4]SMR analysis for anti-inflammatory drug target genes on cognitive functions
To investigate the potential clinical relevance of the shared genetic architecture within the neuro-immune nexus, we conducted exploratory SMR analyses assessing the associations between the expression levels of anti-inflammatory drug target genes and cognitive phenotypes. 
The Anatomical Therapeutic Chemical Classification System of the World Health Organization Collaborating Centre for Drug Statistics Methodology was employed to identify three classes of anti-inflammatory drugs (steroidal anti-inflammatory drugs, nonsteroidal anti-inflammatory drugs, and other anti-inflammatory drugs). The target genes for each drug were defined using DrugBank and ChEMBL platform [11, 12], resulting in the inclusion of 110 genes for subsequent analysis. As instrumental variables, eQTL data from brain, spleen, whole blood, and EBV-transformed lymphocytes were obtained from the GTEx (n=838) and eQTLGen (n=31,684) consortium. 87 genes that showed significant expression in the selected tissues were identified (P < 5 × 10-8), and the top SNP of each gene was used as instrumental variables. Cognitive phenotypes showed significant genetic correlation with autoimmune disorders were selected as outcome data (CP, FI, and PAM). The HEIDI (heterogeneity in dependent instruments) test, part of the SMR approach, was conducted to determine if the association observed between gene expression and cognitive phenotypes was due to a linkage scenario, where an eQTL SNP in linkage disequilibrium with another SNP independently influences the disease outcome, potentially violating one of the MR assumptions. A HEIDI test P < 0.05 was considered indicative of an association likely due to linkage rather than the regulation of gene expression. We performed the SMR analysis using the default parameters (https://yanglab.westlake.edu.cn/smr-portal/). Drug target genes were considered to exhibit significant associations in these SMR analyses if they met the criteria of P.SMR < 0.05 and P.HEIDI > 0.05 after Bonferroni correction.


Supplementary Figures
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Fig. S1. Manhattan plot of the PLACO results. Note: Red line represents the significance of PPLACO < 5 × 10-8. Abbreviations: CP, Cognitive performance; FI, Fluid intelligence test; PAM, Pairs matching test; HT, Hypothyroidism; IBD, Inflammatory bowel disease; RA, Rheumatoid arthritis.
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Fig. S2. QQ plots of the PLACO results. Abbreviations: CP, Cognitive performance; FI, Fluid intelligence test; PAM, Pairs matching test; HT, Hypothyroidism; IBD, Inflammatory bowel disease; RA, Rheumatoid arthritis.
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Fig. S3. Regional plots of each colocalized locus identified for the corresponding trait pair using PLACO (Loci 1–8).
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Fig. S4. Regional plots of each colocalized locus identified for the corresponding trait pair using PLACO (Loci 9–16).
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Fig. S5. Regional plots of each colocalized locus identified for the corresponding trait pair using PLACO (loci 17–24).
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Fig. S6. Regional plots of each colocalized locus identified for the corresponding trait pair using PLACO (loci 25–32).
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Fig. S7. Regional plots of each colocalized locus identified for the corresponding trait pair using PLACO (loci 33–40).
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Fig. S8. Regional plots of each colocalized locus identified for the corresponding trait pair using PLACO (loci 41–46).
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