Supplementary Notes
Supplementary Note 1: Mathematical formulation of the non-parametric weighted rank-sum spatial enrichment test
To accommodate the sparsity, dropout and non-normal expression distributions typical of spatial transcriptomic data, SDESE uses a continuous, distribution-free weighted rank-sum test. For each iteration, the candidate set  contains  genes that reach unconditional significance. Each candidate gene  is assigned a continuous weight  derived from its conditional P value, so that genes with larger conditional association significance contribute more to the spatial enrichment statistic.
To stabilize the weighted statistic and avoid domination by a small number of highly significant loci, SDESE transforms the weights using baseline truncation  and upper-bound capping :

where  (for example, ) acts as a baseline noise filter, and  defines the maximum transformed weight. Let  denote the global expression rank of gene  among  total genes in a target spot. The observed weighted rank-sum statistic is then defined as:

Under the null hypothesis, in which candidate-gene ranks are randomly distributed among all genes, the expectation  and variance  are:


The spatial enrichment  score and P values are computed by standardizing the observed statistic against this null distribution:


where  denotes the cumulative distribution function (CDF) of the standard normal distribution.
To improve computational efficiency, SDESE pre-sorts background expression arrays globally, reducing the asymptotic complexity of rank lookup to  per spatial spot.
Supplementary Note 2: Gene association scoring and iterative prioritization
At iteration , let  denote the spatial enrichment P value of spot  obtained from the weighted rank-sum test. SDESE converts this P value into a non-negative spatial association weight:

Spots with stronger enrichment evidence therefore contribute more strongly to subsequent gene prioritization. For candidate gene , let  denote its original expression rank in spot j among  genes. To reduce the influence of extreme ranks and improve comparability across spatial spots, SDESE applies a rank-based inverse normal transformation:

where  denotes the inverse cumulative distribution function of the standard normal distribution. Let  denote the total number of spatial spots. The association score of candidate gene  at iteration  is calculated by weighting its transformed expression ranks across all spots:

A larger  indicates that gene i tends to occupy higher expression ranks in spots with stronger phenotype-associated enrichment. Candidate genes are ranked in descending order of , and this ranking determines the order in which they enter conditional ECS testing in the next iteration. Genes receiving stronger support from the current spatial association pattern are therefore evaluated earlier, reducing the influence of LD-linked proxy genes and indirect associations on subsequent iterations.
Supplementary Note 3: Theoretical justification of aECS for unconditional and conditional tests
1. Structural Decorrelation and Null Calibration of the Unconditional ECS
Under the null hypothesis , let  denote a vector of  correlated GWAS -scores, where  is the linkage disequilibrium (LD) correlation matrix. Rather than performing instance-level empirical fitting on stochastic  vectors, the absolute-correlation-recalibrated Effective Chi-square Statistics (aECS) deterministically extracts a structural penalization vector  by solving a non-negative least-squares (NNLS) program:

where  is a -dimensional vector of ones. The scalar  rigorously quantifies the effective number of independent genomic tests within the target LD block.
The aggregated association statistic is formulated via a decoupled linear vector projection:

By the spectral decomposition of non-negative definite quadratic forms, the exact null distribution of  is governed by a weighted spectral mixture:

where  are the non-negative eigenvalues of the filtered LD kernel matrix  (equivalently, the eigenvalues of ).
To bypass computationally intensive numerical integration (e.g., Davies’ method1) while rigorously preserving higher-order tail cumulants in heavy-LD regions, the reference null distribution of  is modeled via the moment-shifted chi-square approximation proposed by Liu et al2. The -th cumulant of  is given by , where . By matching the first four cumulant components ,  is mapped to a shifted non-central chi-square distribution :

where the degrees of freedom , non-centrality parameter , and standardized shift parameters are analytically determined in closed form.
Explicit Parameterization of  and :
The cumulant components are given by  for . Defining the normalized skewness and kurtosis ratios as  and , the continuous (non-integer) degrees of freedom  and the non-centrality parameter  are determined analytically as follows:
If :

Otherwise ():

The standardized statistic is projected onto the continuous non-central chi-square space:

and the upper-tail probability is evaluated via . Because the chi-square cumulative distribution function is analytically continued for all real-valued degrees of freedom  via the upper incomplete Gamma function (or equivalently as a Poisson mixture of continuous Gamma distributions when ), the non-integer property of  is accommodated with exact machine precision.
These null-distribution properties and LD-dependent structural dynamics were empirically evaluated in Supplementary Fig. 1.
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	Supplementary Fig. 1 | Null calibration, Type I error control and structural dynamics of the unconditional ECS statistic under linkage disequilibrium. 
(A) Exact Spectral Mixture Alignment. Quantile-quantile (Q-Q) plot comparing empirical quantiles of the proposed statistic  against the theoretical exact spectral mixture null distribution (), where  are the non-zero eigenvalues of the weighted linkage disequilibrium (LD) kernel . Points adhere strictly to the identity line (, dashed line) across the entire dynamic range ( to  percentiles), proving the mathematical fidelity and null self-consistency of the decoupled projection.
(B) Type I Error Control at Stringent Significance Thresholds. Evaluation of empirical false positive rates (type I error) against nominal significance levels () on a  scale under strong LD (). Rejection rates derived from  independent null Monte Carlo replicates adhere tightly to the diagonal reference line, demonstrating robust error calibration with neither inflation nor deflation down to the stringent significance thresholds evaluated here.
(C) Dimension Compression and Spectral Skewness Dynamics. Trajectories of the effective independent dimension (, solid orange line, left y-axis) and the third-order spectral skewness (, dash-dotted blue line, right y-axis) across a gradient of LD strength (). As collinear redundancy intensifies, the NNLS projection adaptively compresses redundant dimensions ( decreases), which inherently induces a pronounced elevation in spectral skewness, underscoring the structural necessity of higher-order spectral modeling over crude moment matching.
(Note: Empirical distributions in panels A and B were generated from  independent multivariate Gaussian simulations  with  and ; dashed lines denote the theoretical identity line .)


2. Conditional Projection via Indefinite Quadratic Forms
In conditional association analysis, the objective is to assess the remaining association signal of a target candidate variant set  while adjusting for a pre-selected conditioning covariate set . Classical conditional regression approaches (such as GCTA-COJO) rely on inverting the sub-matrix of conditioning variants (), rendering them highly sensitive to reference LD mismatch, ill-conditioning, and collinearity. In contrast, the conditional ECS framework operates entirely within the squared statistic space.
Let  denote the structural weights extracted for the joint variant set  via , and let  denote the weights extracted solely for the conditioning set  via . Assuming without loss of generality that the variants are ordered as , the conditional difference weight vector is constructed as:

The residual conditional association signal is then directly projected as:

Because varying degrees of collinearity between nested LD subsets inevitably cause certain redundant variants in the conditioning set  to receive negative differential weights, the vector  possesses both positive and negative entries. Consequently,  constitutes an indefinite quadratic form (a mixture of positive and negative chi-square variables).
3. Exact three-Moment Calibration and Negative Skewness Mirroring
Standard Satterthwaite-type two-moment approximations only balance the mean and variance, failing to capture the heavier tails and potential negative skewness inherent to indefinite quadratic forms. Conversely, while four-moment non-central chi-square approximations2 perform well on positive-definite quadratic forms, calculating the fourth cumulant  on large LD blocks is computationally demanding. More critically, indefinite quadratic forms frequently violate the non-negativity and boundary constraints required for 4-moment matching ().
To reconcile analytical rigor with numerical stability, conditional ECS deploys a three-moment shifted Gamma approximation (conceptually equivalent to Pearson’s three-moment curve). Furthermore, to guarantee robustness against stochastic allele phasing and reference LD orientation, we extract the cumulant components using the absolute correlation topology.
Let  and define the phase-invariant kernel matrix as . The first three cumulant-generating components are computed via matrix traces:

The corresponding physical cumulants of the indefinite form  are:

The reference shifted Gamma distribution  (where  is the shape parameter,  is the scale parameter, and  is the location shift) is parameterized by matching these three cumulants:

To strictly accommodate the sign of skewness, the conditional -value is evaluated via the following piecewise analytical decision rule: 
- Case 1: Positive Skewness ()

- Case 2: Negative Skewness ()
Exploiting the reflection identity , the distribution of  has cumulants  with positive skewness. The -value is evaluated via the lower tail:

- Case 3: Symmetric Limit ()
 asymptotically converges to a Gaussian distribution , and the -value is evaluated as .
4. Independence from positive semidefinite (PSD)
A fundamental vulnerability of classical conditional frameworks (such as GCTA-COJO3 and conditional summary Wald tests4) is their strict prerequisite that the empirical LD correlation matrix  must be positive semidefinite (PSD). In real-world multi-cohort GWAS, out-of-sample LD matrices derived from reference panels (such as 1000 Genomes5 and UK Biobank6) frequently violate PSD constraints due to sampling variance, imputation artifacts, and cohort mismatch. When  is non-PSD or ill-conditioned, matrix inversion triggers numerical instability and explosive condition numbers, forcing traditional tools to implement heuristic matrix bent/regularization procedures (such as eigenvalue clipping7 or ridge regularization8) that arbitrarily distort real LD architecture.
The conditional aECS framework inherently circumvents this bottleneck across both stages of execution: 
(1). Convex Weight Estimation: The NNLS operator minimizes the convex objective  subject to . Even when  is non-PSD or rank-deficient, the bounded optimization domain guarantees a unique, globally optimal, and well-behaved weight vector without requiring matrix inversion. 
(2). Inversion-Free Moment Evaluation: Cumulants  are evaluated directly via linear trace operators (). Because matrix traces are algebraic polynomials of matrix entries, they are fully computable on non-PSD, indefinite, or singular matrices without requiring spectral decomposition, inversion, or positive determinant conditions.
Consequently, conditional aECS ingests raw, non-PSD reference matrices with zero regularization overhead, providing structural resilience against condition number divergence.
5. The Dual Role of the Absolute Linear Correlation Recalibration
[bookmark: X7fc8e34db31dfd8c9867c6d922fab22682d32ad]A defining mathematical feature of the conditional aECS architecture is the deliberate deployment of the absolute linear correlation topology () across both weight extraction and cumulant calibration. This topology serves two distinct theoretical objectives.
5.1 Topological Regularization for Weight Extraction
Analytically, under the null hypothesis, the covariance between two squared standardized statistics is strictly proportional to their squared correlation: . It might therefore appear intuitive to parameterize the NNLS operator using the squared correlation topology (i.e., ).
However, from an optimization standpoint, squaring correlation coefficients accelerates the geometric decay of off-diagonal dependencies ( for ). Because NNLS inherently imposes an -like sparse regularizing effect, the steeply decaying  metric forces excessive weight sparsity. In conditional testing, this over-sparsity leads to fragmented subtraction weights () that fail to neutralize regional non-centrality under dense linkage disequilibrium. Furthermore, under the alternative hypothesis where true genetic effects introduce non-centrality parameters (), the covariance expansion contains dominant first-order cross-terms (), causing the empirical correlation structure of  to naturally align with the linear absolute topology . Adopting  thus serves as a topological regularizer that preserves continuous LD block structures, preventing over-pruning and yielding smooth, conservative differential weights that strictly protect the nominal type I error rate.
5.2 Mathematical Invariance and Phase Immunity for Cumulant Extraction
Evaluating the null distribution of  requires computing traces of the operator . In empirical genetic studies, the third cumulant component:

is acutely sensitive to stochastic allele coding directions and reference-panel phasing errors. A single sign mismatch along any variant triple can reverse the sign of , generating severe stochastic fluctuations in  that degrade tail calibration.
To establish absolute phase immunity, aECS anchors cumulant estimation via . The formal theoretical justification rests on the exact invariance of the lower moments: 
- Expectation Invariance ():

- Variance Invariance ():

Because , the analytical null variance is preserved with zero distortion (). Meanwhile, substituting  into  projects the skewness calculation onto an isotropic, sign-invariant manifold, ensuring that the estimated third-order cumulant reflects the absolute physical magnitude of linkage disequilibrium rather than stochastic allele orientation artifacts.
Supplementary Note 4: Monte Carlo Simulation Framework for Conditional Association Tests
1. Simulation objective
We used Monte Carlo simulations to compare conditional ECS with the conditional Z-score estimator under both ideal reference LD and perturbed reference LD settings. The simulations were designed to evaluate type I error calibration and statistical power across LD structures, conditioning-set sizes and reference-panel mismatch scenarios, including allelic direction mismatches and continuous LD magnitude noise between the discovery GWAS cohort and the external reference LD panel.
2. Generative model for true genetic signals
Let the total genetic region, or LD block, consist of a conditioning set  with  SNPs and a target candidate set  with  SNPs. The true LD correlation matrix  was modeled using a first-order autoregressive (AR1) process to emulate LD decay across genomic distance. The correlation between SNPs  and  was defined as:

with  varied across the evaluated LD settings to simulate increasing collinearity.
To generate GWAS summary statistics, true causal effect sizes were simulated according to predefined regional heritability values for the conditioning and target regions. A random subset of SNPs in each region was designated as causal. Raw effects were sampled from a normal distribution:

The genetic variance explained by the raw effect vector was computed as:

The effect vector was then rescaled to match the target heritability :

Observed GWAS Z scores were generated from a multivariate normal distribution:

where  denotes the GWAS sample size. The noise component was generated using the Cholesky decomposition of  multiplied by standard normal deviates.
3. Reference LD perturbation
In practice, the external reference LD matrix  may differ from the LD structure of the discovery GWAS cohort. To model this mismatch, we generated perturbed reference LD matrices under two scenarios.
First, allelic direction mismatches were simulated by randomly selecting 5% of off-diagonal elements in the upper triangle of the LD matrix and flipping their signs:

where  denotes the randomly selected set of flipped off-diagonal entries.
Second, continuous LD magnitude noise was simulated by adding Gaussian noise to the LD matrix elements:

After perturbation, matrix entries outside the valid correlation range were truncated to, and the matrix was symmetrized. For the conditional Z-score test, the perturbed matrix was projected onto the nearest positive semidefinite correlation matrix using Higham’s algorithm, implemented in Matrix::nearPD9. Conditional aECS used the perturbed matrix directly without positive semidefinite projection.
4. Implementation of conditional tests
Using the simulated GWAS Z scores and the reference LD matrix , we evaluated two conditional association frameworks.
4.1 Conditional Z-score estimator
The conditional Z-score for target region  given covariate region  was computed using multivariate normal projection:

To stabilize matrix inversion under high collinearity, a Tikhonov ridge penalty was added to the diagonal of the covariate LD matrix:

The conditional covariance matrix was:

The conditional quadratic statistic was then computed as:

and evaluated as a mixture of chi-square distributions:

where  are the positive eigenvalues of the residual covariance matrix. Conditional P values were calculated using Davies’ exact method1, with Liu’s approximation2 used for extreme tail probabilities.
4.2 Conditional aECS
Conditional aECS was implemented as described in Supplementary Note 3. Structural weights were estimated by non-negative least squares from the element-wise absolute reference LD matrices, separately for the combined conditioning and target sets and for the conditioning set alone. Conditional difference weights were obtained by subtracting the conditioning-set weights, padded with zeros for the target set, from the combined-set weights. The conditional statistic was calculated by projecting the squared Z-scores onto these difference weights. Conditional P values were obtained using the sign-aware three-moment shifted-Gamma approximation, with cumulant components calculated from the absolute reference LD matrix. The same procedure was applied under matched and perturbed reference-LD settings.
5. Evaluation metrics
Simulations were repeated 100,000 times for each parameter setting across conditioning-set sizes and LD structures.
Type I error calibration was evaluated under the null hypothesis, in which the target region  had no causal effect. False-positive rates were calculated at each preset significance threshold as the proportion of simulated datasets with conditional P values below that threshold:

Calibration was visualized using quantile-quantile (Q-Q) plots.
Statistical power was evaluated under the alternative hypothesis, in which the target region  contained causal variants. Power was calculated as the proportion of simulated datasets with conditional P values below the preset significance threshold:

Supplementary Note 5: Genotype-aware spatial simulation framework
We used a genotype-aware spatial simulation framework to generate paired GWAS summary statistics and synthetic spatial transcriptomic data for benchmarking spatial genetic mapping methods under controlled ground-truth settings. The simulations were performed using the KGGSNV simulation module, which is publicly accessible at https://pmglab.top/kggsnv/. The genetic background was constructed from 4,206,964 common whole-genome variants with minor allele frequency > 0.05 from 490,541 UK Biobank participants6, thereby preserving realistic linkage disequilibrium and polygenic genetic structure.
Simulated phenotypes were generated under a hierarchical eQTL-mediated model. In this model, local genetic variants first contributed to genetically regulated gene expression, and gene expression then contributed to the simulated complex trait. Conceptually, for gene , genetically regulated expression can be written as

where  is the genotype matrix of SNPs assigned to gene ,  denotes local eQTL effects and  is residual variation. The simulated phenotype was generated as

where  is the predefined set of susceptibility genes,  denotes the effect of genetically regulated expression on the phenotype and  is residual noise. In the simulations, eQTL heritability was set to 0.25, phenotype heritability mediated by genes was set to 0.15, disease prevalence was set to 0.01 and the maximum number of driver genes was set to 250.
Synthetic spatial transcriptomic data were generated on  spatial grids. Each simulated slice contained 20,000 genes, with up to 500 genes specified as spatially enriched genes. The spatial simulator generated disease-associated expression patterns based on a Matérn covariance kernel10 according to predefined hotspot or regional structures, and technical sparsity was introduced using a dropout rate of 0.4. For each parameter setting, 100 independent simulated slices were generated. GWAS summary statistics were obtained by logistic additive association testing, with 8,000 sampled individuals per simulated replicate and a case proportion of 0.5.
We considered several spatial architectures to represent different disease-associated tissue-space patterns, including a single focal hotspot, separated hotspots, continuous regional hotspots and multi-regional distributions. Null simulations, in which susceptibility genes were not enriched in any spatial region, were used to evaluate type I error control. Alternative simulations, in which susceptibility genes were enriched in predefined spatial regions, were used to evaluate localization sensitivity and non-specific signal spread.
Supplementary Note 6: SMECT performance metrics and comparator implementation
Significant spots were defined using global min-P permutation-adjusted P < 0.05 for SDESE, controlling the FWER at 0.05, and BH-FDR < 0.05 for SLDSC. Let  denote the total number of simulation replicates,  the replicate index,  the spot index and  the method-specific adjusted P value for spot  in replicate . The set of significant spots in replicate was defined as:

Let  denote the true spatial signal-support domain. For focal architectures,  was defined as the union of the circular areas centred on the predefined hotspots with radius . Throughout the focal simulations, the hotspot radius was fixed at  grid units. A replicate was considered successfully detected if at least one significant spot occurred within . Sensitivity for focal architectures was defined as the proportion of successfully detected replicates:

where  is the indicator function. For contiguous regional architectures, the true disease region  constituted the signal-support domain, such that . Sensitivity was calculated as the proportion of spots within  that were significant, averaged across all replicates:

To quantify the extent to which significant spots deviated from the true spatial signal, let  denote the spatial coordinate of spot  and  its shortest distance to the true signal-support domain:

For focal architectures, this definition is equivalent to , where  is the distance from spot i to the nearest hotspot centre. For regional architectures,  is the shortest distance from spot  to  and equals 0 for spots within . Spatial membership was defined as:

Here,  denotes the Gaussian spatial-decay scale and was fixed at 3 grid units in all simulations. This definition assigns  to spots within the true signal-support domain and progressively smaller values to spots farther outside it. The non-specific rate (NSR) for replicate r was calculated over its significant spot set :

An NSR closer to 0 indicates that significant spots are more concentrated within or near the true spatial signal. If  was empty,  was recorded as missing, and  was used when aggregating results across replicates. Associated-gene prioritization performance was evaluated using precision, defined as the proportion of simulated true associated genes among all genes reaching significance in the conditional association analysis.
SDESE was compared with gene-specificity-informed SLDSC using identical simulation inputs. SLDSC was implemented following the recommended gsMap workflow11,12 (v1.73.6), with SNPs annotated to the transcribed region of each gene and its  flanking interval. LD scores for the simulation analyses were calculated from UK Biobank reference genotypes. Analyses of real data used the European reference panel from the 1000 Genomes Project Phase 3 and included the default baseline LD model5. Both methods used identical spatial inputs to ensure consistent performance comparisons.
Supplementary Note 7: A curated spatial resource and web server to facilitate SDESE application
Although SDESE is a technology-agnostic analytical framework that can process diverse spatial transcriptomic expression matrices, most publicly available spatial transcriptomic datasets remain at multicellular resolution. In these datasets, each spatial spot often contains mixed transcriptomic signals from multiple cells. To enable cell-type-level interpretation of genetic risk in these commonly used data, we built a companion spatial single-cell reference resource and online analysis platform.
Specifically, we integrated raw spot-level spatial transcriptomic data with matched single-cell RNA sequencing (scRNA-seq) reference atlases. Reference single-cell transcriptomes were mapped onto tissue spatial coordinates to infer cell-type-resolved spatial expression profiles. This strategy provides SDESE with reference-guided spatial expression inputs, allowing it to prioritize phenotype-associated cell types, cell states and candidate driver genes within inferred spatial cellular contexts.
Using this workflow, we curated a multi-organ spatial resource across humans and mice, comprising 641,097 high-quality single cells, 279,974 spatial spots, 114 tissue sections and 16 major organs. The human compendium includes 15 spatial transcriptomic datasets from 11 tissues, covering 62 spatial samples, 161,164 spots and 387,285 single cells. The mouse compendium includes 20 spatial transcriptomic datasets from 5 tissues, covering 52 spatial samples, 118,810 spots and 253,812 single cells.
To improve the accessibility of SDESE and its companion resources, we further developed an online server (https://pmglab.top/psc/, Supplementary Fig. 2). The platform wraps the independent SDESE analytical engine and allows users to upload custom GWAS summary statistics, select curated spatial reference datasets, run phenotype-associated cell prioritization, and interactively inspect spatial regions, cell types and candidate driver genes. By providing ready-to-use reference datasets and an online analytical workflow, the PSC platform reduces the need for complex spatial transcriptomic preprocessing and local computational deployment, enabling researchers to more readily interpret genetic risk signals across diverse spatial microenvironments.
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	Supplementary Fig. 2 | Overview of the PSC spatial resource and SDESE web server. The left panel illustrates the construction of the PSC resource. Raw spatial transcriptomic data are integrated with matched single-cell RNA-seq reference atlases, and reference cells are mapped onto tissue spatial coordinates to infer cell-type-resolved spatial expression profiles. The right panel shows the analytical workflow of the SDESE web server. Users can upload GWAS summary statistics, select curated spatial reference datasets, run phenotype-associated cell prioritization, and interactively inspect associated spatial regions, cell types and candidate driver genes.


Data collection, preprocessing and web-server implementation
1. Spatial transcriptomics quality control
Human and mouse spatial transcriptomic datasets generated using the 10x Genomics Visium platform were obtained from the Spatial Transcript Omics DataBase (STOmicsDB). Datasets were included if the spatial gene expression matrix, spot coordinates and matched histological imaging metadata were available. Quality control (QC) was performed at the spatial-spot level. Spots were retained if they satisfied the following criteria: (i) >200 detected genes, (ii) >500 unique molecular identifiers (UMIs) and (iii) <30% mitochondrial transcript fraction. For cardiac spatial transcriptomic datasets, the mitochondrial fraction threshold was relaxed to 50% to account for the high metabolic activity and mitochondrial content of cardiomyocytes. After QC, 279,974 high-quality spatial spots across 114 tissue sections were retained.
2. Single-cell RNA-seq harmonization
Tissue-matched single-cell RNA-seq (scRNA-seq) reference datasets were curated to match the organ composition of the spatial transcriptomic datasets. Human scRNA-seq datasets covering 11 tissues were obtained from the Deeply Integrated human Single-Cell Omics (DISCO13) database. Mouse scRNA-seq datasets covering 5 tissues were collected from Cell BLAST14 and the NCBI repository. To reduce technical confounding, datasets derived from the same study were integrated jointly, and batch effects were regressed out before dimensionality reduction and clustering. Human cell-type annotations were assigned using the DISCO consensus annotation tool, whereas mouse cell-type annotations were retained from the original publications. Cell-level QC retained cells with >300 detected genes, >500 UMIs and <30% mitochondrial transcripts, yielding a final reference atlas of 641,097 high-quality annotated single cells.
3. Reference-guided spatial single-cell mapping
The spatial mapping pipeline used processed scRNA-seq datasets as cellular references and matched spatial transcriptomic datasets as spatial targets. For spatial domain identification, BASS15 was applied to the spatial transcriptomic datasets. Consistent with the analytical settings used for the constituent datasets, the number of target spatial domains was set to . For coordinate inference, CellTrek16 was used to project scRNA-seq transcriptomes into the spatial transcriptomic coordinate space. To construct the final integrated metadata, a nearest-neighbour assignment strategy () was used to anchor each predicted single cell to its nearest observed spatial spot based on Euclidean distance, allowing the cell to inherit the BASS-derived spatial-domain annotation of that spot.
4. Software architecture and web-server implementation
The SDESE web server (https://pmglab.top/psc/) was implemented using a separated front-end and back-end architecture. The client-side interface was built with Vue 3 (v3.5.12) and Element Plus components (v2.8.6), with interactive visualization powered by Apache ECharts (v5.5.1). The server-side infrastructure uses Nginx (v1.18.0) as the web container and PHP (v7.3.23) for server-side logic and API routing. Unstructured data and user query indices are managed using MongoDB (v4.4.10).
To support scalable computation, the web container is separated from algorithm execution. User-submitted GWAS jobs, configured with parameters including genome build, reference population, P-value correction method, extension windows and MHC-region exclusion settings, are asynchronously routed to an external high-performance computing (HPC) cluster. Results are then returned to the MongoDB instance for user retrieval and front-end rendering.
Supplementary Note 8: gsMap initialization parameters
For each spatial transcriptomic sample, gsmap run_find_latent_representations was first used to learn spatial latent representations. The input was the counts layer in the h5ad file, and the annotation parameter was set to the corresponding PSC spatial-region or PSC cell-type label. Parameters were set as follows: feat_hidden1 = 256, feat_hidden2 = 128, gat_hidden1 = 64, gat_hidden2 = 64, n_neighbors = 15, weighted_adj enabled, epochs = 500, convergence_threshold = 0.0001, p_drop = 0.1, gat_lr = 0.001 and n_comps = 300, with pearson_residuals used. After latent h5ad generation, possible NaN values in the Pearson residual layer were replaced with 0 to prevent non-finite values from affecting downstream marker-score calculation.
gsmap run_latent_to_gene was then used to convert latent representations into gene-level scores. This step used latent_GVAE as the latent representation and set num_neighbour = 21 and num_neighbour_spatial = 151. The gene specificity scores in the resulting gene_marker_score.feather files were used to rank genes in the DLPFC analyses.
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