Note S1. Phenotypic variant burdens and pairwise sharing profiles in the global cross-phenotype network
1. Distribution of significant SVs across binary phenotypes
To complement the phenome-wide landscape described in the primary text, we summarized the distribution of SV burdens across the evaluated disease phenome. Applying the selection criterion of ≥5 significantly associated autosomal SVs (FDR<0.05) identified 41 binary clinical phenotypes spanning 11 major ICD-10 categories, comprising a total pool of 648 unique trait-associated SVs.
The number of significant SV associations varied substantially across these phenotypes. A subset of conditions showed a particularly high density of structural genetic signals. To provide a clear overview of these variant-rich traits without repeating individual locus details, the top 10 binary phenotypes ranked by their total counts of unique significant SVs are presented in Table 1. The remaining 31 phenotypes are comprehensively cataloged in the Zenodo repository (https://zenodo.org/records/20832343).
[bookmark: _Ref232986807][bookmark: _Ref232986798]Table 1. Top 10 binary phenotypes ranked by significant SV counts
	Phenotype Name
	Significant SV Count
(FDR<0.05)

	Asthma
	154

	Other hypothyroidism
	153

	Gastro-oesophageal reflux disease
	70

	Non-insulin-dependent diabetes mellitus
	55

	Insulin-dependent diabetes mellitus
	53

	Other malignant neoplasms of skin
	49

	Psoriasis
	49

	Other rheumatoid arthritis
	42

	Mental and behavioural disorders due to use of tobacco
	35

	Other chronic obstructive pulmonary disease
	35



2. Significant pairwise phenotype intersections in the global network
To evaluate the shared genetic architecture across the 41 eligible phenotypes, we performed systematic pairwise intersection mapping of their significant SV sets. Out of 820 possible pairwise combinations, our framework identified 177 disease pairs demonstrating a significant excess of shared SVs based on a one-tailed hypergeometric test (FDR<0.05).
The top 10 most statistically significant phenotype interactions, sorted by ascending false discovery rate (FDR) values, are displayed in Table 2. These top-tier sharing pairs are predominantly driven by overlapping variants localized within the Major Histocompatibility Complex (MHC) on chromosome 6, highlighting the central role of this region in cross-phenotype sharing. The complete matrix of all 177 significant pairwise overlaps is hosted in the Zenodo repository (https://zenodo.org/records/20832343).
Table 2. Top 10 cross-phenotype sharing pairs in the global network
	
	
	Jaccard Index
	Hypergeometric
P-value1
	Adjusted
FDR

	Other hypothyroidism
	Insulin-dependent
diabetes mellitus
	0.24
	
	

	Insulin-dependent diabetes mellitus
	Thyrotoxicosis
[hyperthyroidism]
	0.33
	
	

	Other hypothyroidism
	Thyrotoxicosis
[hyperthyroidism]
	0.15
	
	

	Other hypothyroidism
	Other rheumatoid arthritis
	0.15
	
	

	Other hypothyroidism
	Asthma
	0.13
	
	

	Other hypothyroidism
	Other systemic involvement
of connective tissue
	0.14
	
	

	Asthma
	Insulin-dependent diabetes mellitus
	0.15
	
	

	Asthma
	Gastro-oesophageal reflux disease
	0.14
	
	

	Other rheumatoid arthritis
	Other systemic involvement of connective tissue
	0.32
	
	

	Psoriasis
	Other rheumatoid arthritis
	0.25
	
	



Note S2. Phenotypic variant burdens and pairwise sharing profiles in the non-MHC network
1. Phenotypic SV burdens after removing the MHC region
To eliminate the potential confounding effects of extreme linkage disequilibrium and variant clustering within the HLA locus, we re-evaluated the network topology by excluding the MHC interval (chr6:28.0–34.5 Mb). All variants intersecting this window were removed from the background pool.
The exclusion of the MHC region resulted in a substantial reduction of eligible phenotypes; 15 of the original 41 traits no longer met the baseline threshold of ≥5 significant associations and were removed from downstream analysis, with a refined subset of 26 binary phenotypes left.
To illustrate the distribution of structural signals outside the immunological locus, Table 3 details the top 10 remaining phenotypes ranked by their residual non-MHC variant burdens. The complete re-filtered variant counts for all 26 phenotypes are accessible via Zenodo (https://zenodo.org/records/20832343).
Table 3. Top 10 binary phenotypes ranked by residual non-MHC SV counts
	Phenotype Name
	Residual Non-MHC SVs
(FDR<0.05)

	Asthma
	104

	Other hypothyroidism
	81

	Gastro-oesophageal reflux disease
	61

	Non-insulin-dependent diabetes mellitus
	44

	Other malignant neoplasms of skin
	33

	Diverticular disease of intestine
	30

	Atrial fibrillation and flutter
	26

	Disorders of lipoprotein metabolism and other lipidaemias
	19

	Obesity
	19

	Inguinal hernia
	16



2. Significant pairwise phenotype intersections in the non-MHC network
We re-computed the pairwise sharing statistics among the 26 retained phenotypes using the adjusted non-MHC variant background. This re-calibration narrowed the sharing network down to 65 statistically significant cross-trait relationships (FDR<0.05).
To characterize the sharing profiles that persist independently of the major histocompatibility pathways, we isolated the top 10 interactions based on statistical significance (Table 4). This refined ranking highlights independent comorbidity axes, including overlaps between respiratory and digestive disorders, as well as distinct metabolic connections. The complete 65-pair correlation matrix has been deposited in the Zenodo repository (https://zenodo.org/records/20832343).


Table 4. Top 10 cross-phenotype sharing pairs in the non-MHC network
	Phenotype 
	Phenotype 
	Jaccard Index
	Hypergeometric
P-value1
	Adjusted
FDR

	Asthma
	Gastro-oesophageal
reflux disease
	0.19
	
	

	Chronic ischaemic heart disease
	Angina pectoris
	0.55
	
	

	Coxarthrosis
[arthrosis of hip]
	Acquired deformities
of fingers and toes
	0.46
	
	

	Other interstitial
pulmonary diseases
	Acquired deformities
of fingers and toes
	0.43
	
	

	Chronic ischaemic
heart disease
	Presence of cardiacand vascular implants and grafts
	0.46
	
	

	Obesity
	Acquired deformities 
of fingers and toes
	0.30
	
	

	Atrial fibrillation and flutter
	Acquired deformities 
of fingers and toes
	0.22
	
	

	Other interstitial pulmonary diseases
	Coxarthrosis
[arthrosis of hip]
	0.32
	
	

	Obesity
	Coxarthrosis
[arthrosis of hip]
	0.24
	
	

	Obesity
	Other cataract
	0.23
	
	



Note S3. Detailed Algorithmic Framework of the PICO Clustering Engine
1. Mathematical Formalization of the Recursive Overlap Absorption Algorithm
To formalize the macro-scheduling mechanism that guarantees boundary integrity during population-scale dataset loading, the iterative batching logic outlined in the primary Methods is mathematically defined below.
Given a global set of sorted, lightweight index windows across all cohorts, Each window  stores minimal metadata:
· : The number of SVs within the window. 
· : The exact minimum start coordinate.
· : The exact maximum end coordinate.
the scheduler populates an active processing batch bounded by the maximum allowed SV record capacitye formal algorithmic mechanics governing anchor initialization, recursive interval alignment, and safe rollback are structured as follows:


	Algorithm: Index-Driven Dynamic Boundary Scheduling

	Input: Sorted global pool of index windows W, Memory capacity limit 

	Output: Formulated biologically safe execution batch 

	1: Initialize , 

	2: Identify the leftmost unprocessed window across the cohort:


	3: Assign

	4: Establish preliminary batch boundary: 

	5: /* Phase I: End-Coordinate Alignment */

	6: For each unassigned window :

	7:     If  Then

	8:         
9:          

	10:    End If

	11: /* Phase II: Recursive Overlap Absorption */

	12: Repeat

	13:    

	14:    

	15:    For each unassigned window :

	16:        If  Then

	17:            
18:             

	19:            

	20:        End If

	21:    End For

	22: until 

	23: /* Phase III: Greedy Expansion and Safe Rollback */

	24: If  Then

	25:    Fetch adjacent subsequent window  from the remaining sorted pool

	26:    Tentatively execute Steps 10-20 by incorporating 

	27:    If  then

	28:        Trigger Rollback: Discard  and its recursively absorbed blocks

	29:        Finalize boundaries of 

	30:    Else

	31:        Update , finalize , and proceed to PACKER I/O streaming

	32:    End If

	33: End If



2. SV-Class-Specific Coordinate Distance Metrics
Standard density-based clustering frameworks measure spatial proximity using continuous geometric assumptions (e.g., Euclidean metric). Because SV are complex genomic intervals defined by discrete biological classes, PICO reformulates the distance matrix calculation using a dual-mode class-specific distance function between two variants  and .
The distance is defined as infinite if the pairwise variants reside on different chromosomes or belong to mismatched biological classes (e.g., an insertion contrasted against a deletion):

When and belong to identical SV categories on the same chromosome, the internal distance computation branches dynamically into two tailored mathematical metrics:
Mode A: Distance Metric for Insertions ()
Insertions are predominantly characterized by their localized chromosomal insertion site (Pos) and the corresponding length of the integrated sequence (Len). PICO models this proximity using a weighted combination of positional shift and sequence length divergence:

where represents a user-defined scaling weight for structural length variance (default configured to 1.0).
Mode B: Distance Metric for Non-Insertion Variants ()
For architectural classes that span across a reference coordinate segment—including deletions (DEL), tandem duplications (DUP), and inversions (INV)—both the left flanking breakpoint () and the right flanking breakpoint () are critical for identifying homologous events. PICO evaluates its distance using a dual-breakpoint tracking formulation:

3. Density Capping via Maximum Neighbor Truncation
In large population cohorts, specific genomic regions (such as highly polymorphic human leukocyte antigen loci or recurring transposable elements) accumulate extreme depths of overlapping variants. Standard OPTICS clustering screens all elements within a maximum neighborhood radius (), defined as:

In highly dense polymorphic hotspots where , calculating the core and reachability metrics scales quadratically, introducing an intractablecomputational bottleneck. To bypass this constraint while protecting local topology, PICO introduces an approximate neighborhood truncation bound driven by a parameter termed. The truncated neighborhoodis defined as:

where  represents the exact subset containing the top closest spatial neighbors to point within the radius.
By capping the maximum neighborhood size, PICO effectively truncates the local search space. This transformation mathematically guarantees that the local time complexity within dense hotspot regions is strictly bounded at:

This technical bound prevents runtime inflation in complex multi-allelic loci while retaining sufficient density gradients to resolve distinct variant clusters accurately.
4. Mathematical Definition of Core Metrics and the Ghost Points Rescue Theorem
Using the truncated neighborhood, PICO calculates the baseline density metrics required for reachability ordering. Given a minimum neighborhood point density requirement (), the Core Distance () of a variant p is formulated as:

where  denotes the minPts-th closest neighbor within the bounded neighborhood pool . Consequently, the Reachability Distance () between a directional pair of SV p and q is defined as:

The Ghost Points Rescue Theorem
To eliminate redundant computational overhead during distance matrix assembly, PICO pre-collapses identical SV entries across cohorts into a single representative coordinate point  assigning it an integer weight  corresponding to its recurrence frequency.
However, classical density clustering algorithms evaluate raw point cardinalities without considering item weights. If a highly frequent variant cluster () is isolated without surrounding flanking neighbors, standard implementations evaluate its local point count as 1, yielding:

This misclassifies high-frequency population alleles as low-density background noise. To resolve this paradox without generating  distance tracking inflation, PICO invokes a virtual proxy injection mechanism. For any representative point p with weight , PICO dynamically injects () virtual Ghost Points () precisely coincident with the physical coordinates of .
Theorem: The injection of (minPts−1) ghost points at coordinate p guarantees the mathematical restoration of the true density maximum, forcing  without increasing distance matrix overhead.
Proof: Let  be the set of virtual ghost points injected at position . By construction, the spatial distance between the anchor node p and any ghost point is exactly zero:

Evaluating the truncated neighborhood size for p within the maximum search radius  yields:

Because the cardinality condition is satisfied (), the Core Distance calculation switches to its non-infinite branch:

Since there are at least (minPts−1) ghost points whose distance to  is exactly 0, the minPts-th closest neighbor  must evaluate to either p itself or one of its coincident ghost points . Therefore:

This guarantees that the reachability structure recognizes  as an absolute density peak (), preventing high-frequency variants from being erroneously discarded as noise while bypassing the computational cost of evaluating all w original entries.
Parallel OPTICS Execution and Cluster Stitching
To accelerate density-based clustering on large SV batches, PICO implements a recursive Fork-Join parallelization framework for OPTICS execution.
The active SV coordinate array is recursively partitioned according to the median genomic coordinate. The splitting process continues until the number of SV records contained in a computational chunk falls below a predefined workload threshold.
Each resulting chunk is independently processed using local OPTICS clustering. To prevent cluster fragmentation caused by artificial partition boundaries, PICO introduces an overlapping buffer region between adjacent computational chunks.
The buffer region extends into neighboring chunks according to the OPTICS neighborhood radius:

Therefore, SV records located near partition boundaries are evaluated within both neighboring regions, preserving local density connectivity.
After local clustering completes, cluster identifiers generated from different computational threads are reconciled into globally consistent cluster labels using a concurrent Union-Find disjoint-set structure.
The Union-Find operation merges clusters sharing equivalent structural boundaries across neighboring partitions, ensuring that parallel execution produces the same biological clustering topology as the corresponding global OPTICS procedure.
