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The canonical paradigm for converting genetic association to mechanism 
involves iteratively mapping individual associations to the proximal genes 
through which they act. In contrast, in the present study we demonstrate 
the feasibility of extracting biological insights from a very large region of 
the genome and leverage this strategy to study the genetic influences on 
autism. Using a new statistical approach, we identified the 33-Mb p-arm 
of chromosome 16 (16p) as harboring the greatest excess of autism’s 
common polygenic influences. The region also includes the mechanistically 
cryptic and autism-associated 16p11.2 copy number variant. Analysis of 
RNA-sequencing data revealed that both the common polygenic influences 
within 16p and the 16p11.2 deletion were associated with decreased average 
gene expression across 16p. The transcriptional effects of the rare deletion 
and diffuse common variation were correlated at the level of individual genes 
and analysis of Hi-C data revealed patterns of chromatin contact that may 
explain this transcriptional convergence. These results reflect a new approach 
for extracting biological insight from genetic association data and suggest 
convergence of common and rare genetic influences on autism at 16p.

Genome-wide association studies (GWAS) have productively identified 
robust statistical associations between thousands of common genetic 
variants and traits1. However, most associations are noncoding, compli-
cating efforts to identify the genes that mediate these associations2,3. A 
dominant approach is to fine-map associations to individual variants 
and then to their nearby target genes4,5. Although there are numerous 
examples of success5,6, functional interpretation of individual genetic 
variants remains a critical bottleneck. Moreover, most complex trait 

heritability often does not reside within these individually significant 
associations, but is rather scattered across thousands of individually 
nonsignificant loci across the genome7.

Autism spectrum disorder (ASD, autism) provides a compelling 
example for the need to jointly interpret many classes of genetic vari-
ation8–14. Although common polygenic variation is the largest genetic 
influence on autism at a population level, extracting biological insight 
from this predominantly noncoding signal is challenging11,15. Similarly, 
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We first asked whether S-pTDT could identify any regions of the 
genome with transmission of autism polygenic influence significantly 
over or under genome-wide expectation. To do this, we constructed 
stratified PGSs from adjacent blocks of SNPs, yielding 2,006 (often 
overlapping) partitions collectively covering the whole genome 
(median SNPs per partition: 3,000, median partition length: 11.7 Mb; 
Supplementary Fig. 3 and Methods). We then performed S-pTDT on 
each partition, first estimating transmission in the 5,048 trios from 
SSC + SPARK and then in the 4,335 trios from PGC. As expected given 
the robust over-transmission of the genome-wide autism PGS, most of 
the stratified partitions have a point estimate of over-transmission, and 
the degree of over-transmission increases with number of SNPs in the 
partition and size of the partition (Supplementary Fig. 4). To estimate 
the extent to which transmission of each region differed from expecta-
tion, we constructed a linear model regressing S-pTDT transmission 
on the number of SNPs in the partition and the length of the partition 
(Methods). This model yields a residual z-score for each partition, 
which estimates, in s.d., how much more or less transmission there is 
than there is expected relative to genome-wide patterns.

Transmission of regional polygenic influences on autism is corre-
lated between SSC + SPARK and PGC trios (r = 0.21, P < 1 × 10−10; Fig. 1b  
and Supplementary Fig. 5), which indicates stability in the S-pTDT rank-
ings despite each partition including on average only 0.3% of all PGS 
variants, the vast majority of partitions containing no autism GWAS 
loci, and phenotypic and genetic heterogeneity among the iPSYCH 
autism GWAS and autism trio cohorts. Partitions that include autism 
GWAS loci11 are enriched among positive (z-score >0) S-pTDT scores in 
both SSC + SPARK and PGC trios: 29 of 46 (63%) partitions including an 
ASD GWAS locus are located in the top right quadrant, compared with 
expectation of 12 partitions (P = 1.7 × 10−8) (Fig. 1b, red points). This 
observation is consistent with the expectation that individuals with 
autism on average over-inherit alleles that increase the probability of 
autism diagnosis.

Unexpectedly, partitions with large S-pTDT z-scores cluster on 
16p (approximately 0–33 Mb; Fig. 1b, blue points): of the 12 partitions 
with the largest average S-pTDT z-score across SSC + SPARK and PGC, 5 
are on 16p, whereas the other 7 localize to autism GWAS loci. The three 
partitions that are nominally S-pTDT enriched in both datasets (S-pTDT 
z-score >1.96) collectively cover the entirety of 16p (Fig. 1c). Given that 
the highly over-transmitted regions span 16p, we constructed a single 
new 33-Mb partition spanning the p-arm and compared it with the 73 
other, nonoverlapping, 33-Mb regions found in the human genome 
(Fig. 1d, inset). The excess over-transmission at 16p becomes even 
more apparent in this framing, with an S-pTDT z-score in SSC + SPARK 
of 3.37 (Fig. 1d). In contrast, the same common variants at 16p are 
not over-transmitted to 1,509 unaffected siblings in SSC (S-pTDT 
z-score = −0.06, P = 0.95; Supplementary Fig. 6).

Although 16p does not contain a genome-wide significant locus for 
autism (Supplementary Fig. 7), we nevertheless sought to determine 
whether the S-pTDT signal at 16p could be explained by one or a small 
number of common variant associations. We partitioned the 16p region 
into 25 adjacent blocks with low between-block linkage disequilibrium 
(median length: 1.3 Mb) and assessed the S-pTDT signal for each31. 
Consistent with the absence of a single driving locus in the region, the 
association signal was diffuse (Supplementary Fig. 8) and decayed 
gradually with successive removal of the most over-transmitted blocks 
(Fig. 1e and Methods). Restated, the S-pTDT association at 16p does 
not appear to be driven by a single coding or regulatory locus in the 
region, but exists more diffusely across the 33-Mb segment of genome.

We performed a number of additional analyses to further inter-
rogate the S-pTDT finding at 16p. First, individuals with autism with 
a neurodevelopmental disorder-associated CNV on 16p (1.0% of indi-
viduals with autism in SSC + SPARK) did not drive the signal (Methods 
and Supplementary Fig. 9). Second, there was no association across 
the genome between S-pTDT ranking and either (1) presence of an 

de novo recurrent copy number variants (CNVs), which are strongly 
associated with autism, often encompass many genes with generally 
undefined downstream mechanisms8,13,16–18. For example, although 
deletion of the 0.7-Mb, 31-gene locus at chromosome 16p11.2 is one of 
the most common and largest single genetic influences on autism8,19, 
exactly how the deletion increases the likelihood of autism diagnosis 
has remained undetermined despite considerable inquiry20–24. Thus, a 
critical open question is whether regional polygenic signals colocalize 
with recurrent large CNVs and whether this colocalization can highlight 
uncommonly relevant areas of the genome for autism diagnosis. In 
particular, given that both regions of common polygenic influence 
and recurrent large CNVs span many genes and influence chromatin 
structure and gene regulatory landscapes25–28, large chromatin land-
scapes have the potential to unify analysis of regional polygenic and 
rare variations.

To examine polygenic influences arising from regions of the 
genome, including regions harboring autism-associated CNVs, we 
developed the stratified polygenic transmission disequilibrium test 
(S-pTDT), which extends the trio-based polygenic transmission dis-
equilibrium test (pTDT) to genomic annotations. Using S-pTDT and 
9,383 European ancestry autism trios, we performed an unbiased 
genome-wide search for excess over-transmission of autism’s poly-
genic influences. Unexpectedly, the greatest excess is localized to the 
33-Mb p-arm of chromosome 16 (16p), the region that includes the 
recurrent, autism-associated and mechanistically cryptic proximal 
16p11.2 CNV. Further linking the 16p11.2 CNV with the broader p-arm 
of the chromosome, in vitro deletion of the 16p11.2 locus was associ-
ated with decreased average expression of neuronally expressed genes 
on chromosome 16p. Similarly, an increased autism polygenic score 
(PGS) constructed exclusively with 16p variants was associated with 
decreased average expression of cortically expressed genes on 16p 
across multiple cohorts. These transcriptional effects of the 16p11.2 
deletion and 16p autism PGS were correlated at the level of individual 
genes on 16p, suggesting mechanistic convergence of common and 
rare variant influences on autism in the region. We observed chromatin  
contact patterns that we hypothesize explain this transcriptional 
convergence: uncommonly high within-16p chromatin contact in 
two independent Hi-C datasets and increased contact between the 
16p11.2 locus and a distal region on 16p (Mb: 0–5.2) with convergent 
gene expression changes. Our results motivate a model of convergent 
common and rare genetic influences on autism at 16p and more broadly 
suggest that chromatin contact may facilitate coordinated genetic 
and transcriptional effects within very large regions of the genome.

Results
S-pTDT identifies over-transmission of autism PGS at 16p
Individuals with autism inherit more common polygenic influ-
ences on autism from their parents than expected by chance 
(‘over-transmission’)12. Using pTDT, we observe mean over-transmission 
of autism PGS within European ancestry trios from three different 
autism trio cohorts: the Psychiatric Genomics Consortium (PGC)11 
(n = 4,335 trios, 0.20 s.d. over-transmission, P = 1.5 × 10−37), the Simons 
Simplex Collection (SSC)29 (n = 1,851 trios, 0.19 s.d. over-transmission, 
P = 1.3 × 10−17) and Simons Foundation Powering Autism Research 
(SPARK)30 (n = 3,197 trios, 0.17 s.d. over-transmission, P = 6.4 × 10−21), 
all using a PGS generated from an external GWAS of the Danish iPSYCH 
consortium (19,870 individuals with autism and 39,078 controls; Sup-
plementary Figs. 1 and 2). As biological insights from autism’s common 
variant influences have been limited, we aimed to leverage the statistical 
power of pTDT to identify regions of the genome with excess common 
variant relevance in autism. We therefore developed S-pTDT, which 
estimates transmission in parent–child trios of PGS constructed from 
small sets of SNPs (Fig. 1a). Similar to pTDT, S-pTDT’s within-family 
design prevents spurious association due to population stratification 
and many types of ascertainment bias12.
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autism-associated CNV (Supplementary Fig. 10) or (2) segmental dupli-
cation content of the region (Supplementary Fig. 11). Third, we queried 
the specificity of the S-pTDT finding at 16p to autism by performing an  
analogous analysis using a cohort of 1,634 attention deficit hyperactivity  
disorder (ADHD) trios and an external iPSYCH ADHD GWAS; we did not 
replicate the finding in ADHD (Supplementary Fig. 12 and Methods). 
Finally, we did not see evidence that the autism S-pTDT signal at 16p 
extends to the q-arm of chromosome 16 (Supplementary Fig. 13). In 
summary, over-transmission of autism’s polygenic influences at 16p 
is not driven by CNV carriers in our data, genomic structural features 
genome wide or as a crosstrait finding.

We analyzed the gene composition of 16p in relation to the 73 other 
33-Mb control regions and asked whether gene density could explain 

the S-pTDT signal (Methods). With 433 genes, 16p is the third most 
gene-dense region (Fig. 1f). Furthermore, with 62 genes specifically 
expressed in the brain, 16p ranks second highest relative to the other 
33-Mb control regions and has 37% more than predicted by the number 
of total genes—the greatest excess of any region (P = 0.001; Fig. 1f). In 
contrast, 16p does not have a significant excess of genes implicated 
in autism from exome associations studies (P = 0.44; Supplementary 
Fig. 14)32. Given that 16p exhibits polygenic over-transmission and is 
gene dense, we tested the hypothesis that polygenic over-transmission 
reflects gene density. Across all 74 33-Mb partitions, S-pTDT was 
not related to density of all genes (r = 0.03, P = 0.83; Fig. 1f inset), 
brain-specific genes (r = 0.08, P = 0.48), constrained genes (r = −0.02, 
P = 0.85) or genes associated with autism via exome sequencing 
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Fig. 1 | S-pTDT identifies exceptional polygenic signal at chromosome 16p.  
a, S-pTDT estimates transmission of stratified PGSs from parents to their 
children. PGSS is a stratified PGS constructed from a continuous block of SNPs, 
denoted in green. The S-pTDT value for a parent–child trio is the normalized 
difference between the stratified PGS in the child and the average stratified 
PGS of their parents. b, Genome-wide S-pTDT analysis using European ancestry 
autism probands in the combined SSC + SPARK cohorts (x axis, n = 5,048 trios) 
and the PGC (y axis, n = 4,335 trios). Blue points are partitions on 16p and red 
points are partitions including an autism GWAS locus. Score weights are derived 
from an autism GWAS of the iPSYCH consortium. The axes are in units of S-pTDT 
residual z-scores (Methods) and dashed lines denote z-scores ± 1.96. c, The three 
partitions that are nominally significant in both combined SSC + SPARK and PGC 
(blue bars) collectively span 16p. d, Autism S-pTDT analysis of the combined 
SSC + SPARK cohorts with stratified PGSs constructed from the 33-Mb partitions. 

Inset: the 16p partition (blue bar) compared with 73 other 33-Mb partitions 
(gray bars) spanning the genome. e, SSC + SPARK autism S-pTDT (n = 5,048 
trios) signal decaying gradually with successive removal of the most associated 
remaining linkage disequilibrium-independent block on 16p. The y axis is the 
S-pTDT estimate (±95% confidence interval (CI)) for transmission of a stratified 
PGS constructed from the union of the remaining blocks. f, Each point is shown 
as a 33-Mb partition as defined in d. Brain-specific genes are defined as genes in 
the top 10% of specific expression in cortex relative to nonbrain tissues in GTEx. 
The P value is calculated from the residual z-score in a linear model regressing 
the number of cortex-specific genes on the number of genes in the partition 
(two sided). Inset: the P value is from Pearson’s correlation of number of genes in 
partition and S-pTDT residual z-score (two sided). For both the inset and the main 
panel, the trend line is a linear best fit and the shaded regions denote a 95% CI.
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(r = 0.15, P = 0.21) (Supplementary Fig. 15). Moreover, we do not observe 
a trend for gene-dense regions having higher S-pTDT z-scores, for 
example, of the 13/74 partitions with >300 genes, the largest is 16p 
at z = 3.37 and the second largest at z = 1.32. We also did not observe a 
relationship between the S-pTDT signal and the density of fetal brain 
enhancers (r = 0.02, P = 0.88; Methods)33. This analysis suggests that 
although 16p is gene dense and enriched in brain-specific genes, 
these findings alone cannot explain a region’s degree of polygenic 
over-transmission.

Finally, we sought to functionally characterize the genes on 16p. 
We did not observe an enrichment of genes differentially expressed 
between individuals with autism and controls in 16p (P > 0.68;  
Methods)34. We also performed gene ontology (GO) analysis of genes 
on 16p35,36, but regional clustering of functionally related genes com-
plicates interpretation (see Supplementary Table 1 for discussion). 
This challenge motivated us to pursue new functional approaches to 
characterize the genes on 16p.

Deletion 16p11.2 causes decreased expression of 16p genes
Whereas the 16p11.2 CNV locus is 0.7 Mb, we observed S-pTDT signal 
across the entire p-arm of chromosome 16p. We hypothesized that 
the 16p11.2 deletion exerted effects on gene expression across 16p. A 
previous report with endogenous (nonengineered) 16p11.2 deletion 
lines noted differential expression effects extending up to 5 Mb from 
the 16p11.2 CNV20. We sought to extend the analysis to the entire p-arm 
using engineered 16p11.2 deletions on an isogenic background.

We analyzed a resource of clustered regularly interspaced 
short palindromic repeats (CRISPR)–Cas9-mediated heterozygous 

deletion of the 16p11.2 locus in induced plurippotent stem cells (iPSCs; 
n = 7 biological replicates)37. These iPSCs were differentiated into 
NGN2-induced neurons, and differential expression analysis was per-
formed on the deletion lines relative to control neuronal lines without 
the 16p11.2 deletion (n = 6 biological replicates; Fig. 2a). We then asked 
whether, on average, the 200 neuronally expressed genes on 16p were 
differentially expressed in response to the 16p11.2 deletion (Methods).  
Genes on 16p had significantly lower expression in the deletion 
lines (mean log2(fold-change) = −0.015, P = 0.02; mean fold-change 
t-statistic = −0.16, P = 0.01; Fig. 2b). The deletion’s effect on 16p genes 
was different from the effect on all other 8,533 neuronally expressed 
genes in the genome (P = 0.02), the expression of which was not on 
average changed by the deletion (mean fold-change t-statistic = −0.01, 
P = 0.44) (Fig. 2c). In contrast, for the 189 genes on 16p with lower 
baseline neuronal expression (below all-gene median), expression did 
not significantly change in response to the 16p11.2 deletion (P > 0.2 for 
all comparisons; Supplementary Fig. 16). This analysis suggests that 
one of the most common autism-associated deletions is associated 
with transcriptional perturbation of genes in the surrounding region.

Recurrent deletions at 15q13.3 are also observed in autism13,38–40. To 
explore the specificity of our findings at 16p11.2, we explored the con-
sequences of deletion of 15q13.3 in the same isogenic neuronal model 
(n = 11 heterozygous deletion replicates, n = 6 controls; Methods). In 
contrast to 16p11.2, 15q13.3 was not associated with transcriptional 
perturbation of 100 neuronally expressed genes in the surrounding 
region (mean log2(fold-change) = −0.01, P = 0.54; mean fold-change 
t-statistic = 0.09, P = 0.42) and was not different from the effect on all 
other 8,087 neuronally expressed genes (P = 0.37) (Supplementary 
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Fig. 2 | In vitro deletion of 16p11.2 causes decreased average expression of 
neuronally expressed 16p genes. a, Experimental design of 16p11.2 in vitro 
deletion resource. The iPSCs undergo CRISPR–Cas9-mediated deletion of the 
16p11.2 CNV locus, differentiation into induced neurons and transcriptome 
profiling with RNA-seq (n = 7 biological replicates). Differential expression 
analysis compares these samples with controls (n = 6 biological replicates) 
without deletion of the locus. b, Differential expression of neuronally expressed 
genes on 16p (n = 200 genes) after deletion of the 16p11.2 locus (neuronally 
expressed is defined as above-median normalized expression level of genes 

over all samples in analysis of induced neurons). FC, fold-change. Genes in the 
deletion region ±0.1 Mb are green, whereas all other genes on 16p are in blue. 
The y axis is the log2(fold-change) per gene. c, The 16p11.2 deletion causing 
decreased expression of neuronally expressed genes on 16p (n = 200 genes), 
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Fig. 17). These results suggest that the transcriptional observations at 
16p11.2 are not an artifact of the CRISPR-mediated deletion because the 
15q13.3 and 16p11.2 models share experimental design. These results 
also suggest that the regional transcriptional effects observed at 
16p11.2 are not shared across all autism-associated CNVs.

The 16p autism PGS associates with decreased 16p gene 
expression
Our analysis of 16p11.2 deletion lines suggests that this genetic event 
causes transcriptional perturbation across 16p. Given that our S-pTDT 
analysis identified excess polygenic influence on autism across 16p, 
we tested the hypothesis that this common variant factor would also 
associate with decreased mean expression across 16p.

We analyzed paired genotype and expression data from 
three sources. First, we drew on data from ongoing single-nucleus 
RNA-sequencing (snRNA-seq) analysis of prefrontal cortex (Brodmann 
area 46) from 122 European ancestry donors from the Harvard Brain Tissue  
Resource Center/National Institutes of Health (NIH) NeuroBioBank 
(HBTRC) (Supplementary Fig. 18); we performed our analyses in gluta-
matergic neurons because they were the most abundant cell type and 
the most similar to the induced neurons from the in vitro deletion 
analysis41. Next, we analyzed paired genotype and bulk cortical RNA-seq 
from the CommonMind Consortium, split into two ancestry-specific 
subgroups (n = 193 individuals of African ancestry, n = 229 individuals 
of European ancestry) (Supplementary Fig. 19)42. Both the HBTRC and 
the CommonMind cohorts included donors with and without schizo-
phrenia, and we controlled for this diagnostic status in our analyses. 
Within each cohort, we constructed regional PGSs for autism within the 
33-Mb partitions described above and regressed average regional gene 
expression on the regional PGS (Methods). To increase power, and to 
be consistent across datasets, we restricted each of the three analyses 

to half the genes with the highest expression in glutamatergic neurons 
in the HBTRC data (n = 8,878 genes; Methods).

Increased autism PGS within 16p was associated with decreased 
expression of genes throughout the 16p region (Fig. 3a; n = 183 genes, 
combined cohort permutation P = 0.03; Methods). Relative to the 73 
other control regions, 16p had the second most negative association 
between regional PGS and mean gene expression (Fig. 3b). In addi-
tion, 16p exhibited by far the most consistently negative association 
between PGS and gene expression across the three cohorts (Fig. 3c). We 
performed two additional sensitivity analyses: first, we found a weaker 
association in the half of genes with lower expression in glutamatergic 
neurons (Supplementary Fig. 20) and, second, we showed the associa-
tion to be robust to an alternative approach to controlling for sample 
ancestry (Supplementary Fig. 21). In summary, we observed across 
independent cohorts that increased 16p autism PGS is associated with 
an average decrease in gene expression within the partition.

Convergence of gene expression and chromatin contact at 16p
Given that both the 16p11.2 deletion and 16p autism PGS are associ-
ated with decreased average gene expression in 16p, we asked whether 
these effects converged at the level of individual genes. We found a 
positive association between the per-gene expression effects of the 
16p11.2 deletion and the 16p autism PGS across 168 glutamatergically 
expressed genes shared across both datasets (r = 0.18, P = 0.02; Fig. 4a 
and Supplementary Fig. 22). This observation suggests that the com-
mon variant 16p autism PGS and the rare variant 16p11.2 deletion share 
downstream functional impact on gene expression. We also note that 
genes with expression decreased in response to both the 16p autism PGS 
and the 16p11.2 deletion are enriched at the end of 16p (Ch16: 0–5.2 Mb, 
‘telomeric region’; χ2 P = 0.003 for negative t-statistic in both cohorts 
and telomeric region location; Methods). This telomeric region of 
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Fig. 3 | The 16p PGS is associated with decreased average expression of 
neuronally expressed genes on 16p. a, Per-gene association to 16p autism PGS 
in combined analysis of HBTRC and CommonMind resources (n = 544 samples). 
Each point is a gene expressed in glutamatergic neurons (n = 183; Methods), the 
x position its midpoint and the y position its t-statistic from a linear model of 
normalized expression on 16p autism PGS, controlling for donor schizophrenia 
diagnosis, European ancestry and single-cell/bulk expression measurement.  
b, Association between average regional gene expression and regional PGS 
across 16p (blue point) and 73 other 33-Mb control regions (gray points). Point 
estimates and s.e.m. are from regression of average regional gene expression on 
regional autism PGS, controlling for donor schizophrenia diagnosis, European 
ancestry and single-cell/bulk expression measurement (n = 544 samples).  
c, Consistency of association between regional autism PGS and average gene 

expression across the genome. Inset: association between mean 16p gene 
expression and autism 16p PGS in each of the three contributing cohorts: 
HBTRC snRNA-seq (glutamatergic neurons (Glut.)), n = 122 European ancestry 
samples; CommonMind bulk RNA-seq (cortical tissue (PFC)), n = 229 European 
ancestry samples; and CommonMind bulk RNA-seq (cortical tissue), n = 193 
African ancestry samples. Point estimates and s.e.m. are from regression of mean 
16p gene expression on 16p autism PGS, controlling for donor schizophrenia 
diagnosis. The 16p region exhibits the most consistent negative association 
between PGS and gene expression across the three cohorts compared with other 
33-Mb regions. The y axis is the most positive regression coefficient in the model 
described in c (inset). Analysis is repeated for the other 33-Mb control regions 
(gray points).
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chromosome 16 is very gene dense—with 182 genes, it is the second 
most gene dense of 526 5.2-Mb regions in the genome. As with 16p more 
broadly, it is enriched in genes specifically expressed in adult cortex 
(n = 33, 83% more than expected by chance, P = 0.0002).

The correlation in transcriptional effects associated with the 16p 
PGS and 16p11.2 deletion motivated us to explore genomic structural 
factors that could help to explain these coordinated effects across a 
large segment of the genome. We hypothesized that the 16p region may 
have increased within-region chromatin contact, which could explain 
the apparent nonindependence of genetic and expression variation on 
megabase scale. To examine chromatin contact within 16p, we used 
two published Hi-C datasets: a dataset of lymphoblastoid cell lines 

(LCLs)43 and a dataset from the primarily neuronal midgestational 
cortical plate44. The i,jth entry of a Hi-C contact matrix estimates the 
degree of physical interaction between the ith and jth regions of the 
genome. We estimated contact within 33-Mb partitions as the mean of 
the off-diagonal values of the contact matrix. As segmental duplication 
content and gene density of the partition are associated with mean Hi-C 
estimates (Supplementary Fig. 23), we regressed them out to yield a 
per-partition z-score, which we interpreted as the Hi-C regional contact 
corrected for these genomic features.

The 16p partition exhibits high levels of within-region contact in 
both cohorts: 4/74 highest partition in LCL (z-score: 1.50) and 2/74 high-
est in the cortical plate dataset (z-score: 2.05) (Fig. 4b). We hypothesize 
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Fig. 4 | Integrative model of genetic influences on autism at 16p. a, On the x 
axis, the association t-statistics from the all sample meta-analyses of 16p PGS and 
16p gene expression; on the y axis, the association t-statistics from the 16p11.2 
in vitro deletion analysis. The shaded region is the 95% CI. Genes are colored 
by their location on 16p; telomeric is defined as a gene midpoint <5.2 Mb. A 
single outlying point has been truncated from the plot for visualization; the 
untruncated plot is shown in Supplementary Fig. 22. b, Hi-C analysis revealing 
elevated within-region chromatin interaction at 16p. Each point represents 
a 33-Mb partition, with 16p colored blue. Both axes are in units of residual 
z-score, where the residual is from a linear model regressing out segmental 
duplication content and gene count from the mean within-region Hi-C contact 
value (Methods). The x axis is a dataset of LCLs, whereas the y axis is a dataset 
of midgestational cortical plate. c, Hi-C analysis revealing elevated contact 
between the 16p11.2 locus and the 5.2-Mb gene-dense telomeric region of 16p in 

midgestational cortical plate. The triangle depicts the 16p contact matrix: the 
blue shaded region denotes contacts between the 16p11.2 locus (29.5–30.2 Mb) 
and the 0- to 5.2-Mb telomeric region (n = 291 100-kb × 100-kb contacts), whereas 
the red shaded region is the distance between matched controls (n = 1,808 
100-kb × 100-kb contacts). The inset shows the distribution of contact values 
for 16p11.2–telomeric versus control contacts. The P value is from a two-sided, 
two-sample Student’s t-test. The lower whisker, lower hinge, center, upper hinge 
and upper whisker correspond to (lower hinge − 1.5× interquartile range (IQR)) 
and the 25th percentile, median, 75th percentile, and (upper hinge + 1.5× IQR), 
respectively. d, A model of genetic influences on autism at 16p. Two independent 
genetic influences on autism—the 16p11.2 deletion and polygenic variation at 
16p—are located in a region of elevated 16p chromatin interaction and enriched 
in brain-specific expression and are associated with coordinated decreased gene 
expression at 16p.
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that this diffusely elevated within-region contact at 16p could facilitate 
the influence of regional polygenic effects on gene expression across 
16p, via complex distal regulatory interactions.

Our analysis of the in vitro 16p11.2 deletion neurons (Fig. 2b) 
revealed decreased gene expression at the gene-dense telomeric region 
of chromosome 16. We hypothesized that this is because the 16p11.2 
locus has increased physical interaction with this telomeric region. 
Consistent with this hypothesis, in midgestational cortical plate Hi-C 
data, the 16p11.2–telomeric contacts (n = 291 100-kb × 100-kb contacts) 
are 2.9× more frequent than contacts between distance-matched con-
trol regions on 16p (n = 1,808 100-kb × 100-kb contacts, P = 5.8 × 10−12; 
Fig. 4c and Methods). In conclusion, these results suggest that the 
three-dimensional conformation of 16p may mediate convergent 
autism-related genetic effects on gene expression via regulatory inter-
actions across megabases of separation.

Discussion
Our observations motivate us to hypothesize the following model  
(Fig. 4d): genetic influence on autism emerges from the well-established 
16p11.2 deletion and from common polygenic variation that is dis-
tributed across the region. Both of these influences are associated 
with an average decrease in cortically expressed genes across 16p and 
their expression effects are correlated at the gene level. We hypoth-
esize that these transcriptional changes increase the likelihood of an 
autism diagnosis subsequent to the unusually large number of genes 
specifically expressed in the cortex at 16p. We also hypothesize that 
the region’s elevated internal chromatin contact may facilitate the 
transcriptional convergence of these two distinct influences. This 
hypothesis is consistent with work demonstrating that both single 
nucleotide28 and structural25–27 variation can cause transcriptional and 
chromatin perturbation. The distributed effect is also consistent with 
the results of a recent large-scale, exome-sequencing study of autism, 
which found that no single gene within the 16p11.2 locus was strongly 
associated with autism8. Our model adds to a literature of multi-gene22 
and genetic network effects20,23,24,45 associated with the 16p11.2 CNV and 
integrates common variation and chromatin architecture with 16p11.2 
and the broader 33-Mb 16p region.

Our analysis of large regions of genome is noncanonical in com-
plex trait genetics, contrasting with a common approach focused on 
mapping disease-associated variants to the genes through which they 
act4–6. Existing approaches such as transcriptome-wide association 
studies aggregate individually modest genetic effects on expression to 
associate genes with phenotype46. In the present study, we aggregate 
both genetic effects on expression and effects across many genes in a 
region, increasing power to observe modest effects. Regional analysis 
also allows new perspectives into gene function, including the obser-
vation of a region enriched in genes specifically expressed in the brain 
or enriched in chromatin contact. Our results suggest that chromatin 
landscapes can facilitate convergent genetic and transcriptional effects 
within large regions of the genome. This insight supports the viability 
of a new approach for extracting biological insight from genetic asso-
ciation data across large genomic regions.

Our observations raise many questions for future study. Why are 
the genetic and transcriptional associations at 16p related to autism? 
On the one hand, we found that the region harbors an unusual concen-
tration of genes specifically expressed in the brain, but, on the other, 
not an unusual number of genes implicated in autism from exome 
association studies. We did not find a 16p signal in ADHD trios using 
the S-pTDT analysis, arguing against viewing 16p as equally relevant 
across neurodevelopmental traits. It is also possible that the genic 
relevance of the region will become apparent only through analysis of 
the biological networks into which 16p proteins interact and integrate; 
growing resources of protein–protein interaction data will facilitate 
this line of inquiry47. The mean expression effects are modest, espe-
cially compared with the decrease in gene expression associated with 

heterozygous gene deletion such as that seen with the 16p11.2 CNV. 
Future studies will probe the biological consequence of modest expres-
sion changes spread across many genes. This analysis also raises the 
question of whether there are other regions of the genome in which 
common and rare variation converge in a similar fashion with relevance 
for either autism or other traits. In conclusion, our analysis presents 
a new statistical approach for partitioned polygenic association and 
uncovers surprising functional convergence of common and rare vari-
ant influences on autism at 16p.
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Methods
We confirm that the present study was reviewed and approved by Mas-
sachusetts General Brigham institutional review board (IRB). The study 
name is Molecular Study of Cognitive and Behavioral Variation (IRB: 
2015P002376). The principal investigator was E.B.R. The iPSYCH study 
was approved by the Danish Data Protection Agency and the Scientific 
Ethics Committee in Denmark.

Generation of PGSs
For autism PGS analysis in autism trios, we used a GWAS from the 
iPSYCH collection in Denmark because there is no sample overlap 
with the autism trio samples (19,870 individuals with autism, 39,078 
controls; Supplementary Table 2). For all other autism PGS analysis 
(for example, PGS–expression analyses), we used a meta-analysis 
of the same iPSYCH autism samples, plus autism samples from the 
PGC (combined: 26,067 individuals with autism, 46,455 controls). For 
analysis of ADHD, we used a nonoverlapping iPSYCH-only ADHD GWAS 
(25,895 individuals with ADHD, 37,148 controls).

To generate PGS weights, we first applied LDpred v.1.0.11 on the 
marginal effect sizes from GWASs48. We used LDpred under the infini-
tesimal genetic architecture model with LD reference from Hapmap 3 
SNPs (n = 503 European ancestry samples). All PGSs were calculated 
using the --score function in PLINK 1.9 (ref. 49). As LDpred estimates pos-
terior causal effect sizes from GWAS marginal effect sizes, we include 
all SNPs in PGS analysis, including when constructing stratified PGSs 
for S-pTDT.

Autism family cohorts
The collection, imputation and quality control of the SSC and Simons 
Foundation Powering Autism Research (SFARI) have been described 
previously (Supplementary Table 3)12,50. The autism trios from the PGC 
Autism group (PGC) are as described previously12, with the modifica-
tion of the inclusion of probands from multiplex families. We defined 
a European ancestry subset of PGC for analysis by generating princi-
pal components of ancestry using PLINK 1.9 and by visual inspection 
relative to HapMap reference populations (Supplementary Fig. 1). We 
defined a family as European ancestry if both parents and proband 
were of European ancestry by principal component analysis (PCA) 
(4,335 of 5,283 trios, 82%).

Genome-wide pTDT
We performed genome-wide pTDT to assess power for S-pTDT analyses  
in SSC, SPARK and PGC. We estimated polygenic transmission as 
described previously12, with the exception of an adapted approach 
for the case/pseudocontrol genotypes in PGC (Supplementary Note). 
The results for each of the three cohorts are displayed in Supplemen-
tary Fig. 2.

S-pTDT
S-pTDT is identical to pTDT, except that, instead of testing for transmis-
sion of a PGS constructed from all SNPs, it tests for transmission of a 
PGS constructed from a subset of SNPs:

S − pTDT = (PGSS,C − PGSS,MP) /s.d. (PGSS,MP)

where PGSS,C is the stratified PGS of child C and PGSS,MP is the 
mid-parent-stratified PGS (average of the two parents). S-pTDT is a 
one-sample two-sided Student’s t-test for whether the S-pTDT distri-
bution has a mean different from 0. S-pTDT estimates of a given PGS 
for a given cohort is equal to the average S-pTDT value for all families 
in the cohort.

We created stratified PGSs by dividing SNPs into sets of equal sizes. 
We varied this partitioning in two ways to complete a comprehensive 
survey of regional transmission: first, we divided the SNPs into parti-
tions of varying sizes (2,000, 3,000, 4,000, 5,000 and 6,000 SNPs) and, 

second, we started the partitioning from either the beginning or the end 
of the chromosome. For example, for creating genomic blocks of 2,000 
SNPs, we identified the first PGS SNP on chromosome 1 (the SNP closest 
to the first basepair), counted 2,000 PGS SNPs and defined this as the 
first partition. Then, we counted the next 2,000 PGS SNPs on chromo-
some 1, defined this as the next partition, until there were fewer than 
2,000 SNPs remaining on chromosome 1. Next, we repeated the same 
procedure on chromosome 2 and for all remaining chromosomes. By 
varying the number of SNPs in the partition and whether SNP counting 
began at the start or the end of the chromosome, we produced 2,006 
(often overlapping) partitions (1,003 from the start of chromosomes, 
1,003 from the end of chromosomes). Before partitioning, we subset-
ted the PGS SNPs to those present in all three autism trios cohorts (SSC, 
SPARK and PGC) to avoid bias from SNP missingness across partitions. 
We then estimated stratified PGSs for each partition in each of the 
three cohorts using linear scoring (--score) in PLINK 1.9 and performed 
S-pTDT on each partition as described above.

Partition length and SNP count were predictive of 
over-transmission (Supplementary Fig. 4). We regressed out expected 
over-transmission using a linear model—S-pTDT ≈ (number of PGS 
SNPs) + (length of partition in basepairs)—and normalized the model 
residuals by the s.d. of the model residual distribution. This procedure 
yields for each partition a residual z-score, which estimates the number 
of s.d.s by which the partition is over- or under-transmitted relative to 
expectation. If partitions included a gap between adjacent SNPs >1 Mb, 
we adjusted the contribution of that gap down to 1 Mb, which accounts 
for decay in LD but avoids inappropriately correcting the S-pTDT signal 
in the over-transmission model noted above. For analysis of 33-Mb 
partitions, the S-pTDT z-score regressed out only SNP number, because 
the basepair length of all partitions was the same.

Supplementary analyses for 16p S-pTDT association
First, we confirmed that autism-associated loci through GWAS were 
enriched in the S-pTDT distribution. We defined an autism-associated 
locus as the five loci from the most recently published autism GWAS 
reaching genome-wide significance from analysis of autism alone 
(index SNPs: rs910805, rs10099100, rs201910565, rs71190156 and 
rs111931861)11.

Next, we analyzed the distribution of autism-associated CNVs 
in the S-pTDT distribution. We identified autism-associated CNVs 
from the set on SFARI Gene (https://gene.sfari.org/database/cnv) 
and then identified the S-pTDT partitions with at least one of these 
CNVs within the boundary (16p11.2, 16p13.11, 16p13.3, 16p12.2, 2p16.3, 
15q13.3, 7q11.23, 17q12, 3q29, 1q21.1, 17p11.2, 8p23.1, 17q11.2, 2q11.2, 
22q11.2, 22q13.3 and 5q35; Supplementary Fig. 10). We also estimated 
the association between segmental duplication content and S-pTDT 
for the 33-Mb partitions: we annotated each partition for segmental 
duplication rate by calculating the fraction of nucleotides in each 
partition that overlapped at least one segmental duplication per  
the University of California, Santa Cruz (UCSC) Genome Browser51. 
Coverage calculations were performed using BEDTools v.2.30.0  
(Supplementary Fig. 11)52.

To rule out the contribution of 16p CNV carriers driving the S-pTDT 
signal, we repeated S-pTDT analysis in SSC + SPARK after removing 
trios where the proband carried an inherited or de novo neurodevel-
opmental disorder-associated CNV at 16p (we could not perform this 
analysis in PGC because we did not have exome sequencing for this 
cohort). We adopted a literature-based definition of neurodevelop-
mental disorder-associated CNVs from a recent autism sequencing 
study8. Of the 5,048 trios in the SSC + SPARK analysis, we removed 
51 (1.0%) with a qualifying CNV and repeated the S-pTDT analysis  
(Supplementary Fig. 9).

We tested the hypothesis that S-pTDT relates to density of acces-
sible chromatin in the developing human brain as tagged by H3K27ac 
histone marks. We analyzed a published resource of chromatin 
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immunoprecipitation (ChIP)–sequencing profiling of two biological 
replicates of 7-week post-conception human cortex33. Within each 
replicate, we summed the count of H3K27ac peaks within each of our 
defined 33-Mb partitions, scaled the counts to mean = 0 and s.d. = 1, 
and then averaged the z-scores between the two replicates.

To evaluate the specificity of the S-pTDT finding on 16p, we per-
formed an analogous analysis in ADHD. We used 1,634 European ances-
try ADHD trios from the PGC and an external ADHD GWAS from the 
iPSYCH consortium with 25,895 individuals with ADHD and 37,148 con-
trols53. We partitioned the genome into blocks of 2,000, 3,000, 4,000, 
5,000 and 6,000 SNPs as described above, starting from the beginning 
of chromosomes, and estimated the S-pTDT for each partition. We 
then estimated a residual z-score, regressing out the number of SNPs 
and partition size as in the autism analysis (Supplementary Fig. 12).

We next evaluated whether the polygenic signal at 16p could be 
explained by a specific locus within the region. To perform this analysis, 
we partitioned 16p into 25 LD-independent blocks, each of approxi-
mately 1.5 Mb in size, as previously defined31. We then estimated S-pTDT 
using the iPSYCH-only autism summary statistics in SSC and SPARK 
for each of these 25 blocks (Supplementary Fig. 8). To evaluate the 
contribution of individual loci, we estimated the decay in 16p S-pTDT 
signal as a function of removing the most over-transmitted remaining 
S-pTDT blocks. Specifically, we (1) estimated per block transmission, 
(2) ranked the blocks from most to least over-transmission, (3) esti-
mated over-transmission using SNPs from all blocks, (4) estimated 
over-transmission using SNPs from all blocks minus SNPs from the 
most associated remaining block and (5) repeated step 4 until only a 
single block remained (Fig. 1e). For example, the first block (‘number 
of 16p partitions removed from PGS = 0’) includes all the 7,658 SNPs in 
the 16p PGS. The next block (‘number of 16p partitions removed from 
PGS = 1’) subtracts 287 SNPs from the most associated block in 16p, 
leaving this new block with 7,371 SNPs.

We next evaluated the regional polygenic signal of 16p relative 
to equally sized comparison partitions across the genome. As 16p 
spans approximately 33 Mb of the genome, we constructed control 
partitions of 33 Mb by starting at the beginning of chromosomes and 
defining adjacent 33-Mb blocks (Supplementary Table 4). We defined 
the start coordinate of a chromosome by the minimum of (1) the first 
SNP in 1000 Genomes Phase 3 EUR and (2) the start position of first 
gene in gnomAD54,55. Similarly, we defined the end coordinate of a 
chromosome by the maximum of (1) the last SNP in 1000 Genomes 
Phase 3 EUR and (2) and end position of the last gene in gnomAD. This 
approach yielded 74 partitions, including 16p. We performed S-pTDT 
using these boundaries by constructing stratified PGSs from all SNPs 
within a given partition.

Gene density
We first compiled a consensus gene list for gene-density analyses. We 
defined this consensus list as the intersection of (1) autosomal genes 
with unique gene names and nonmissing pLI constraint estimates 
from gnomAD and (2) genes with estimated specific expression in 
Genotype-Tissue Expression (GTEx) cortex (‘Brain_Cortex’)56. This 
consensus list included 17,909 genes. We further annotated this list 
with the 102 genes implicated in autism via exome sequencing in a 
recent analysis32. We then mapped genes to the above-defined 33-Mb 
boundaries if their gene body midpoint was located within the bound-
ary. We built linear models predicting specific expression in the cortex 
(top 10% of specific expression t-statistic), from the density of all the 
genes, and calculated two-sided P values from the residual z-scores of 
the regression.

GO analysis
We performed GO analysis to evaluate enrichment of genes on 
16p in annotated biological pathways (http://geneontology.org). 
We used the same 17,909 genes from the gene-density analysis as 

reference genes. We tested for enrichment of all genes on 16p (midpoint 
<33,000,000 bp, n = 433 genes) across three classes of annotations: 
biological process, molecular function and cellular component. The 
results for Bonferroni’s significant enrichments in each of the classes 
of annotations are reported in Supplementary Table 1.

Autism differential expression analysis
We analyzed whether genes on 16p are overrepresented in differen-
tially expressed genes between individuals diagnosed with autism 
and controls. We used a previously published differential expression 
dataset of human brain RNA-seq (n = 51 individuals with autism, n = 936 
controls)34. We defined genes as differentially expressed at Bonfer-
roni’s significant level correcting for the number of genes overlapping 
between the dataset and our consensus gene list described above 
(n = 15,288 genes, n = 83 differentially expressed genes, n = 383 genes on 
16p). We performed a χ2 test for enrichment of differentially expressed 
genes on 16p.

CRISPR–Cas9-mediated deletion of ASD-associated loci
Design of the CRISPR-mediated deletion of the 16p11.2 loci and dif-
ferential expression analysis is described in a published resource37. 
Design of the 15q13.3 CNV deletion lines followed the same protocol, 
with the deletion defined with boundaries Ch15 30,787,764-32,804,328 
(GRCh37). We generated n = 11 heterozygous deletion lines, with an 
additional n = 6 controls exposed to CRISPR construct but not to 
guide RNA. When estimating the effect of the deletion on the region, 
we excluded genes ±100 kb of the deletion window, because the 
cis-regulatory regions of these genes may have been perturbed by the 
creation of the deletion itself.

PGS–expression analyses
HBTRC/NIH NeuroBioBank (snRNA-seq). We generated paired 
genotype and single-nucleus expression profiles from the dorsolat-
eral prefrontal cortex (DLPFC) of postmortem brain tissue from the 
HBTRC/NIH NeuroBioBank. The generation of expression profiles will 
be described in detail in a forthcoming manuscript from the authors 
of the present report. In brief, we developed and optimized a workflow 
for creating and analyzing pools of nuclei sampled from brain tissue 
(DLPFC, BA46) from 20 different donors per pool. In this workflow, 
we started by dissecting a defined amount of tissue from each donor, 
obtaining a similar mass of tissue from each specimen while being 
careful to represent all cortical layers. The frozen tissue samples were 
then immediately pooled for simultaneous isolation of their nuclei; 
all subsequent processing steps, including nuclear isolation, encap-
sulation in droplets and preparation of snRNA-seq libraries, involve 
all of the donors together. This ‘dropulation’ workflow allows us to 
minimize experimental variability, including any technical effects on 
messenger RNA ascertainment and any effects of cell-free ambient RNA. 
Each nucleus in these experiments was then reassigned to its donor of 
origin using combinations of hundreds of transcribed SNPs; although 
the individual SNP alleles are shared among many donors, the combi-
nations of many SNPs are unique to each donor in the cohort. Nuclei 
were assigned to seven major cell classes (astrocytes, endothelial cells, 
γ-aminobutyric acid (GABA)-ergic neurons, glutamatergic neurons, 
microglia, oligodendrocytes and polydendrocytes) by global clustering 
and identification of marker genes expressed in each cluster. Median 
cell-type proportions were: glutamatergic neurons 47.9%, GABA-ergic 
neurons 18.8%, astrocytes 13.5%, oligodendrocytes 8.0%, polyden-
drocytes 5.2%, microglia 1.5% and endothelia 1.0%. All downstream 
analyses used expression data from glutamatergic neurons. The cell 
type-specific gene-by-donor expression matrices were processed with 
VST normalization57.

We performed a number of pre-association quality control (QC) 
steps. The majority of genotyped samples were European ancestry 
(1,707/1,770, 96%) and we identified these samples for downstream 
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analysis using PCA (Supplementary Fig. 18). Next, we identified any 
samples as expression outliers with mean expression >3 s.d. from  
the cohort mean (3/125 samples). This yielded a final EUR subset of  
122 samples. We identified genes with expression above median across 
the 122 samples in the count matrix, with the only processing step of 
normalization of expression count sum equal for all samples. We used 
these genes (n = 8,878) in all subsequent regional PGS–expression 
analyses.

CommonMind (bulk cortical RNA-seq). We next analyzed paired 
genotype and bulk DLPFC expression data from donors in the Com-
monMind consortium. Generation of expression count matrices is 
described in the CommonMind publication42. Within CommonMind, 
we restricted analysis to donors from the National Institute of Mental 
Health (NIMH) Human Brain Collection Core (HBCC) and the University 
of Pittsburgh (PITT) biobanks due to previous analysis demonstrating 
increased concordance with the snRNA-seq resource described above. 
We performed variance stabilization on the count matrices separately 
in HBCC and PITT using the SCTransform package in Seurat with the 
goal of closely paralleling the approach of the single-nucleus resource 
(parameters: do.scale = FALSE, do.center = FALSE, return.only.var.genes 
= FALSE, seed.use = NULL, n_genes = NULL)58.

The CommonMind collection is ancestrally heterogeneous: the 
two largest groups are African and European ancestry donors. Accord-
ingly, we used PCA to identify donors of African ancestry (n = 193) and 
European ancestry (n = 229) and subsequently analyzed each sepa-
rately (Supplementary Fig. 19). For consistency with the single-nucleus 
resource, we restricted analysis to donors diagnosed with schizophre-
nia or controls.

Per-cohort association and meta-analysis. For all samples, we 
calculated regional autism PGC using the largest autism GWAS 
(iPSYCH + PGC; see Supplementary Table 2) using Plink 1.9 score with 
a genotype QC (SNP missingness <1%, minor allele frequency >0.1%, 
imputation INFO >95%).

We performed two classes of local PGS–gene expression associa-
tion. The first class is a per-gene association, as in Fig. 3a. The second 
is average gene association, as in Fig. 3b,c. To be consistent across 
datasets, we restricted all analyses to half the genes most expressed 
in glutamatergic neurons in the HBTRC data (n = 8,878 genes). The 
association in Fig. 3a is a per-gene association meta-analyzed across 
the three cohorts. We combined individual-level expression and 
genotype PGS across the three cohorts; before concatenating the 
PGSs and expression matrices used in the individual cohort analy-
ses, we within-cohort scaled per-gene expression and per-partition 
PGS to mean = 0 and s.d. = 1. Per-gene association followed the linear 
model: gene expression ≈ regional PGS + schizophrenia diagnostic 
status + ancestry (binary for yes/no African ancestry) + single cell 
(binary yes/no). The association t-statistic is from the regional PGS 
covariate. For maximum power to detect mean effects, we assessed sig-
nificance of the mean PGS–expression association using permutation. 
Specifically, we calculated the mean(t-statistic) in 16p, then shuffled 
the PGS–donor IDs within each cohort, performed association and 
calculated the mean(t-statistic), repeated 1,000×. The permutation 
P value is the number of times the observed PGS was more negative 
than the permuted PGS.

For the second class of association, we first averaged the gene 
expression per partition, then performed the association. For 
per-cohort association, we used the linear model: mean expression of 
gene ≈ regional PGS + schizophrenia diagnostic status. For combined 
analysis, we used the linear model: mean gene expression ≈ regional 
PGS + schizophrenia diagnostic status + ancestry (binary for yes/no 
African ancestry) + single cell (binary yes/no). We performed a sensi-
tivity analysis for genetic ancestry using the principal components in 
Supplementary Fig. 21.

Hi-C analysis
LCL resource. Per-chromosome Hi-C count matrices were downloaded 
from http://hic.umassmed.edu at 1-Mb resolution for GM06990 LCL43. 
As the count matrices were built in hg18, we converted the 33-Mb parti-
tions from hg19 to hg18 using the National Center for Biotechnology 
Information’s (NCBI’s) Genome Remapping Service (www.ncbi.nlm.
nih.gov/genome/tools/remap). We matched the boundaries of the 
33-Mb partitions with their closest 1-Mb cutoffs in the count matrix. 
For this analysis, we did not analyze partitions spanning centromeres, 
yielding 56 partitions for analysis. For each partition, we estimated raw 
within-partition contact frequency as the mean of the off-diagonal 
elements of the Hi-C count matrix.

Midgestational cortical plate resource. We downloaded 0.1-Mb reso-
lution, Hi-C contact matrices from NCBI’s Gene Expression Omnibus 
(GEO) from a resource of midgestational cortical plate samples from 
three donors44. As above, we mapped the boundaries of the 33-Mb 
partitions to the 0.1-Mb boundaries of the Hi-C matrix. In contrast to 
the LCLs, the diagonal elements were zeroed out; thus, the estimated 
raw within-partition contact frequency was estimated as the mean of 
all elements of the matrix. We analyzed the same 56 partitions as in 
the LCL analysis.

As our hypothesis pertained to average contact behavior over 
large regions of the genome, as opposed to more fine-grained analysis 
of topologically associated domains or gene–enhancer interactions, 
we analyzed the largest bin window available within each cohort to 
increase the signal:noise ratio59.

Contact model. Raw within-partition contact frequency varies with 
gene density and segmental duplication contact (Supplementary Fig. 
23). In the LCLs, this covariance is probably due to an increased number 
of Hi-C reads mapping to regions with increased segmental duplication 
content. In cortical lines, there are large chunks of zeroed-out elements 
of the contact matrix, rates of which correlate strongly with segmental 
duplication content, probably due to intentional zeroing of elements in 
regions that are difficult to map because of segmental duplication con-
tent. Gene density remains a significant predictor of contact frequency 
after conditioning on segmental duplication content, motivating us to 
condition on-gene density as well and to extract normalized residuals 
from the following model: contact frequency ≈ gene count + segmen-
tal duplication content. Our primary analysis in Fig. 4b reports these 
normalized residuals for each partition.

Telomeric region analysis of 16p11.2 CNV. We next analyzed the chro-
matin contact between the 16p11.2 locus and the distal gene-dense start 
of chromosome 16. We performed this analysis in the midgestational 
cortical plate data only because the 1-Mb bin resolution of the LCL 
resource did not have sufficient resolution. We defined the telomeric 
region based on the gene-dense segment at the start of chromosome 
16, from 0 Mb to the closest 100-kb segment after the endpoint of 
the final brain-expressed gene in that window in the 16p11.2 deletion 
dataset (5.2 Mb). We defined the 16p11.2 locus as Ch16: 29.5–30.2 Mb. 
To define control contact regions, we first calculated the minimum 
(24.3 Mb) and maximum (30.2 Mb) distances spanned by the con-
tact matrix defined by 0–5.2 Mb (telomeric region) and 29.5–30.2 Mb 
(16p11.2 locus). We then defined control contacts on 16p as all contacts 
of distance >24.3 or <30.2 that were not located in the telomeric–CNV 
contact range described above. These results are robust to inclusion 
of elements of the contact matrix with ‘0’, which probably reflects 
segmental duplication-rich regions (telomeric–CNV versus control 
P < 1 × 10−10 for both approaches).

Reporting summary
Further information on research design is available in the Nature 
Research Reporting Summary linked to this article.
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Data availability
Individual-level genotypes are available via request to SFARI (https://
www.sfari.org) and from the PGC (https://pgc.unc.edu) and its contrib-
uting data holders. GWAS summary statistics from iPSYCH are available 
by request from members of the consortium. RNA-seq data are available 
from collection 2304 at the NIMH data archive (https://nda.nih.gov/
edit_collection.html?id=2304) and the CommonMind Consortium 
(https://www.nimhgenetics.org/resources/commonmind). Hi-C data 
are available via the respective referenced publications. GTEx-specific 
expression data are available from the Price Lab repository (https://
alkesgroup.broadinstitute.org/LDSCORE/LDSC_SEG_ldscores/tstats). 
Additional gene information is available from the gnomAD browser 
(https://gnomad.broadinstitute.org/downloads).

Code availability
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were performed using R v.4.1 and Python v.3.7.
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