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2 Abstract

23 Human neurons are postmitotic and long-lived, requiring precise genomic regulation to maintain
2 function over a lifetime. Normal neuronal function is highly dependent on gene dosage, with
25 copy number variants (CNVs) and heterozygous point mutations associated with a host of
2 neurodevelopmental and neuropsychiatric conditions [1-3]. Here, we investigated the landscape
27 of somatic CNVs arising in fetal human brains, and how they change over development, to
28 understand the processes that generate neurons with low rates of aneuploidy. We identified 7,725
29 CNVs in >1,200 single neurons from human postmortem brain of 16 neurotypical individuals,
30 ranging in age from gestational week 14 to 90 years old using Tn5-transposase-based single-cell
31 whole-genome amplification. We surveyed CNVs in another 44,861 nuclei with 10X Multiome
32 analysis. Up to 45% of postmitotic neurons in the prenatal cortex showed aberrant genomes,
33 characterized by widespread CNVs of multiple chromosomes, but this reduces sharply after birth
34 (p<0.01). We identified micronuclei in the developing cortex in situ, reflecting chromosomal
35 material missegregated during neurodevelopment [4—6]. The size of CNV appeared to define the
36 trajectory of neuronal elimination, since cells with widespread CNVs were eliminated earlier and
37 faster than cells with smaller CNVs. CNVs in surviving neurons were depleted for genes that
38 are dosage-sensitive or involved in neurodevelopmental disorders (p<0.05), suggesting selective
39 elimination of neurons with CNVs involving these critical genes. Neurons with high CNV burdens
40 also showed abnormal expression of synaptic gene sets, indicating that abnormal synaptic gene
41 regulation may contribute to neuronal elimination. Elimination of defective neuronal genomes
2 during during synaptogenesis may represent a critical process of genome quality control and a
3 vulnerable target of factors that contribute to neurodevelopmental disease.
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« Introduction

s Genome-scale copy number variants (CNV) are common in early post-zygotic development—with up
s to 73% of embryos exhibiting large chromosomal aneuploidy [5, 7-9]. Similarly, human neural pro-
« genitor cells (NPCs) also display extensive mosaic aneuploidy, involving up to 30% of progenitors
s [10, 11]. Rates of aneuploidy in adult neurons have been controversial, with some reports of ane-
s uploidy [12], while other reports suggest frequent, predominantly sub-chromosomal CNVs [13-15].
so These discrepancies arise from differences in methodology and the sensitivity of techniques, making
s it unclear whether the high aneuploidy rates observed early in development are maintained through
52 to adulthood in the brain.

53 The control of copy number is especially crucial in brain, since genetic variation in neurons can
s« have profound functional impact. Autism, schizophrenia, epilepsy, intellectual disability and other
ss neuropsychiatric conditions are all commonly caused by chromosomal or sub-chromosomal CNV,
s as well as by heterozygous loss of function point mutations in more than one thousand genes with
sz essential brain functions [16-18]. Many of these genes encode structural proteins of the synapse, or
ss  regulators of synaptic plasticity, suggesting that key aspects of neuronal plasticity underlying these
so conditions are intensely sensitive to gene dosage [19, 20].

60 While a variety of cell cycle checkpoints regulate progenitors to prevent or eliminate cells with
s aberrant genomes [12, 21-23], it is not clear whether any such pathways might exist to control gene
¢ dosage in noncycling cells like neurons. One hypothesis suggests that genetically aberrant neurons
&3 may eliminated through “programmed cell death” [22, 24], a form of widespread apoptosis which in
s« human cerebral cortex is estimated to remove 30-60% of neurons during development [21, 25]. In all
e examined mammalian species, the most dramatic wave of apoptosis eliminates ~30% of neurons in
s the perinatal period [26], followed by ongoing elimination of postnatal neurons [27, 28] coincident
ez with the establishment of neuronal circuits and connectivity mediated by synapse formation and
6 pruning. While roles for synapse formation in the regulation of neuronal survival have been described
0o for more than a century [29, 30|, the mechanisms and significance of widespread neuronal loss have
7 not been clear, since dying neurons tend to be dispersed across the cortex, without clear relationship
7 to neuronal cell type, laminar location, or topographic patterns of connectivity [22, 31, 32].

7 Using single-cell whole genome sequencing (scWGS), we compared copy number variants (CNVs)
73 in postmitotic neurons during neurodevelopment and aging. Our analysis shows widespread CNVs
= across chromosomes in fetal neurons, followed by removal of most neurons with highly defective
75 genomes around the time of birth. We also confirmed prior findings of a slower removal of defective
s cells occurring postnatally into aging [13], suggesting that potential mechanisms of genome quality
77 control in postmitotic neurons preferentially eliminate cells with aneuploid genomes. Our data also
7 show that this genome quality control mechanism is linked to gene pathways essential for synapse
7 development, including disease-relevant genes. These findings suggest that synaptogenesis plays a
s key role in genome quality control in neurons that acts most dramatically near birth, but extends
a1 over time. This process is potentially vulnerable to environmental or genetic defects that disrupt
s normal brain development.
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» Results

=« Accurate copy number detection in single neurons identifies aberrant
s genomes in prenatal cortical neurons

s To profile CNVs in the human prenatal brain, we generated low-coverage scWGS data from 1,298
& mneurons, collected from non-diseased postmortem brains from (1) seven prenatal donors ranging
s from gestational weeks 14-25 and (2) nine postnatal brains from infancy to 90 years (Fig. 1a, Table
s 1). To obtain a pure population of postmitotic prenatal cerebral cortical neurons, we cryo-dissected
o the human prenatal cortical plate (Fig. 1b) followed by flow cytometry to isolate single neuronal
o1 nuclei. Dissection of cortical plate neurons provides an exclusively postmitotic, noncycling fetal neu-
oo ronal population, because NPCs and glial nuclei are located in undissected deeper cortical regions.
o3 Neurons migrate into the cortical plate after withdrawing from the cell cycle and becoming perma-
o mently postmitotic. Single-nucleus RNA sequencing (snRNA-seq) confirmed that our cortical plate
s dissection yielded 98% purity for neurons (Fig. 1b, Extended Data Fig. 1a). Postnatal nuclei suspen-
o sions were stained with anti-NeuN antibody (neuronal marker) and DAPI prior to flow cytometry to
o isolate neuronal nuclei as previously described [33] (Extended Data Fig. 1b). scWGS libraries were
s generated using Tnb-based amplification (TbA) and sequenced at ~0.05X depth. We performed
o stringent quality control to distinguish high-quality vs poor-quality libraries (Extended Data Fig.
w0 lc-j; Methods), resulting in 1,084 high-quality single-cell neuronal genomes.

101 To identify CNVs, we utilized HiScanner [34], an algorithm we previously developed specifically
12 for CNV detection in scWGS data. For robustness against amplification noise and sparse sequenc-
103 ing coverage, HiScanner models technology-specific allelic dropout patterns from scWGS data and
0+ leverages probabilistic segmentation to maintain high detection precision. [35, 36]. In addition, we
s designed another CNV validation approach: Fragment Overlap Density (FOD) metric. For Tn5-
106 transposase-based libraries, we expect all amplified fragments to retain the start and end position
w7 of the original tagmented molecule; thus, in a copy-loss region where only one allele is present, no
s fragments should overlap, unlike in copy-neutral or copy-gain regions (Fig. 1c¢). This heuristic is
w0 represented by the FOD metric (Methods), which we use to further increase our CNV detection
uo accuracy (Supplemental Results; Extended Data Fig. 2).

11 Surprisingly, we found that neurons in the human cerebral cortex with aberrant genomes were
u2  strikingly abundant in prenatal neurons (Fig. 1d), but constitute a smaller proportion of postnatal
us  neurons (Fig. 1le). Many genomes with alterations had multiple affected regions across more than one
s chromosomes, often involving large copy number changes. In prenatal samples, copy losses were more
us  frequent than copy gains, with 66% (3293/4981) of CNVs being copy losses, and 34% (1688/4981)
us copy gains. In postnatal neurons, copy losses (74%, 2034/2744) were again more frequent than copy
ur  gains (26%, 710/2744) (Fig. 1d-e, insets).

s Copy number signatures classify aberrant genomes with widespread
1 CNVs

120 Using mutational signature analysis [37, 38] based on the COSMIC copy number signature catalog
w [38], we classified the cells into four distinct “signature groups”: Diploid Predominant (COSMIC
122 SigCN1 signature), Gain Predominant (combination of SigCN1 and SigCN2), Focal Loss Predomi-
23 nant (SigCN1 and SigCN9), and Broad Loss Predominant (SigCN1 and SigCN13) (Fig. 2a, Extended
e Data Figs. 3 and 4). The Diploid Predominant group consisted primarily of diploid cells, with a
s small subset harboring sub-chromosomal CNVs (hereafter called the SigCN1-specific CNV neurons).
126 The other three groups showed alterations throughout the genome, involving multiple chromosomes
7 (hereafter called the widespread CNV neurons). The neuronal copy number signatures showed high
s resemblance (cosine similarities 0.92-0.98; Extended Data Fig. 3d) to those defined in COSMIC from
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129 cancers, suggesting that neuronal CNVs may have arisen in dividing cells, presumably NPCs, in the
1o developing human brain.

131 The proportion of neurons with widespread CNVs (last 3 of the 4 groups defined above) in
12 prenatal samples was on average 29.1%; this proportion decreased significantly to ~10.9% postnatally
1w (p=0.0082; Student’s t-test, two tailed) (Fig. 2b). The mean during infancy (0-2 years) was 12.4%
1 and slowly declined to 7.2% for elderly samples (>60 years) (Fig. 2¢). The postnatal slow decline
135 of the widespread CNV proportion is significantly different from the faster postnatal decline in the
s proportion of neurons with smaller, SigCN1-specific CNVs (p=0.04; Extended Data Fig. 5a-b). The
137 SigCN1-specific CNV proportion declines with age over a lifetime, from ~35% in infants to <10%
s in elderly individuals (Extended Data Fig. 5b), similar to prior reports of sub-chromosomal CNVs
1o [13, 14]. In neurons with SigCN1-specific CNVs, the sizes of copy losses were significantly smaller in
1o postnatal compared to prenatal samples (p<0.001, Student t-test two-tailed, Extended Data Fig. 5c-
w d). Thus, it appears that larger CNV size is associated with higher likelihood of cellular elimination
12 and more rapid elimination, whereas neurons with smaller CNVs continue to be eliminated more
us  gradually postnatally.

144 To ensure that the observed reduction in the proportions of neurons with aberrant genomes are
s not affected by poor quality cells, we checked that there is no significant difference in the percentage
us  of cells passing QC filters (Extended Data Fig. 6a-b). Linear regression on various factors showed
w  that age is the only significant factor associated with the decrease in proportion of neurons with
s widespread CNVs after birth (p=0.023). Repeating the same analysis using a high confidence set,
1o i.e. those cells with highest genome coverage (>100M reads), recapitulated the results showing a
10 higher proportion of neurons with widespread CNVs prenatally (Extended Data Fig. 6¢-d).

151 Another potential confounder we analyzed was whether disruption of nuclear integrity may falsely
12 elevate CNV rates, given that our tissues were acquired postmortem. When we disrupted nuclear
153 integrity of cultured NPC cells by applying 24 hours of staurosporin treatment (Extended Data
s Fig. 7a), we found that cells with disrupted nuclear integrity had a widespread CNV rate of only
155 9%, after exclusion of cells that fail QC. Thus, we concluded that nuclear disruption would not
156 falsely account for the large proportion of widespread CNV that we observed in postmortem brains.
157 Further, the same four signature groups were seen in the NPC mutational signature decomposition
155 as in the human brain (Extended Data Fig. 7b), indicating a consistent biological etiology for the
159 CNVs observed in cultured NPCs.

w Neuronal CNVs result from genomic stress in progenitor cells

11 To determine whether CN'Vs arise in replicating progenitor cells or postmitotic neurons, we analyzed
1,2 their associations with DNA replication timing [39, 40], and physiological double strand breaks
163 (DSBs) [41, 42]. We found that CNV breakpoint density was highly correlated with replication timing
s (r?=0.88, p=0.007), such that CNV breakpoints were more frequent in early-replicating regions
s (Fig. 3a-b, Extended Data Fig. 8a). This result suggests that some CNVs are generated in mitotic
166 progenitor cells during DNA replication. We next evaluated hotspots of DSBs in NPCs determined
7 previously by in-suspension Breaks Labeling In Situ and Sequencing (BLISS) [41]. These DSBs are
s  known to arise in neurons at sites related to transcription, topologically associating domains, and
1o chromatin loop anchors, and have been associated with CNV generation in neurological disease [42].
w In our data, BLISS hotspots (top 1% of BLISS regions) were significantly associated with CNV
wm  breakpoints (pj0.0001; Extended Data Fig. 8b). While BLISS hotspots and replication timing have
12 a minor correlation (r2=0.27), the significantly strong association of CNV breakpoints with both
s features suggests two potential mechanisms of CNV generation: (1) errors during DNA replication in
s dividing progenitor cells, and (2) DSB-mediated CNV formation in progenitors or early postmitotic
175 Ileurons.

176 DNA replication stress has been associated with the formation of micronuclei, which encapsulate
177 missegregated chromosomes or fragments that lie outside of the nucleus, as observed in both early
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ws postzygotic cell divisions and cancer [5, 43, 44]. Thus, we hypothesized that micronuclei would be
wo  visible in some human prenatal neurons, as they have also recently been observed in mice [45]. High-
10 resolution microscopy on fixed slices of human fetal brain at mid-gestation, stained with DAPI,
11 revealed co-occurrence of micronuclei in cells with neuronal identity as assayed by immunostaining
12 with the neuronal marker, SATB2 (Fig. 3c). We observed that micronuclei were associated with ~6%
13 of primary nuclei in the cortical plate (Table 2) providing direct, in situ demonstration of relatively
s common, missegregated chromosomal material at midgestation.

185 We sought to orthogonally confirm our observations that the proportion of cells with widespread
15 CNVs are eliminated over time by evaluating whether micronuclei are also cleared over time (Fig.
w7 3d-f). We isolated micronuclei from human brain tissue from fetal, infant, and elderly individuals
188 by serial gradient sucrose fractionation with visualization to identify micronuclei-enriched genetic
180 content as previously described [46] (Fig. 3d). We sequenced the micronuclear and nuclear fractions
1o separately and compared the genetic content of the two fractions from each sample (Fig. 3e-f, Table
1 3). We found that micronuclei in the prenatal samples harbored aberrant genetic material, observed
12 as a high deviation from the read depth compared to that of the nuclear fraction (Fig. 3e). The
13 magnitude of this deviation decreased in infancy and aged brains, indicating clearance of micronuclei
e genetic material over time (Fig. 3f). Similar to prior reports of micronuclei in other systems [5, 44, 47],
15 micronuclei in the human brain preferentially contained genetic content from larger chromosomes
s (Extended Data Fig. 9), with the exception of overrepresentation of chromosomes 13, 18, 21, X
1w and Y in micronuclei. This trend likely reflects a relative tolerance to aneuploidy of these specific
s chromosomes in humans, since these chromosomes represent the most common aneuploidies viable
1o in human germline [48]. The clearance of micronuclear material with age thus provides orthogonal
200 evidence for the reduction of neurons with widespread CNVs with age.

.n Neuronal CNVs disrupt gene modules relevant to synaptic signaling and
x> Mmaintenance

203 In order to identify pathways regulating the elimination process by associating CNV changes in single
24 meurons with gene expression, we performed 10X multiomic snATAC/RNA-seq of 44,861 single nuclei
25 (Fig. 4a, Extended Data Fig. 10). We generated 10X multiome libraries from three prenatal and five
206 postnatal brains, followed by dimensionality reduction and cell type annotation using Seurat [49]
27 and CNV calling using epiAneufinder [50]. We used snRNAseq to determine cell types and generate
28 gene module scores for each gene set, based on the Gene Ontology database. Unlike CNV calling
200 from scWGS, CNV calling from snATAC lacks sufficient resolution for signature decomposition of
a0 CNVs, so we segregated nuclei broadly into “CNV neurons” vs “non-CNV neurons.” To identify
an CNV neurons, we inspected the distribution of the proportion of genomic regions affected by CNVs
a2 and, using Tukey’s rule, classified outlier cells as CNV neurons (Extended Data Fig. 10a).

213 Our findings from snATAC confirmed a significant reduction of CNV neurons between prenatal
2¢ to postnatal ages (Fig. 4b), suggesting that these CNV neurons identified by snATAC are most
25 similar to the widespread CNV observed in scWGS. We confirmed that CNV neurons have high cell
26 quality metrics consistent with the rest of the dataset (Extended Data Fig. 10b). We found CNV
217 neurons for excitatory, inhibitory, and maturing neuron subsets, as well as CNV progenitor cells, as
28 expected (Extended Data Fig. 10c). CNV analysis among glial cells did not detect differences in CNV
29 rate prenatally versus postnatally, suggesting that the perinatal removal of CNV neurons identifies
20 a process specific to postmitotic neurons and not shared by glial cells (Extended Data Fig. 10d).
21 In order to determine pathways that are specifically dysregulated in CNV neurons that might
22 drive cellular elimination, we inferred gene modules that were differentially expressed (“Differential
23 Gene Modules”, DGMs) between CNV neurons and non-CNV neurons. The significant DGMs asso-
2¢  clated with postnatal CNV neurons (Supplemental Table 1) frequently represented components of
25 synaptic function and connectivity (Fig. 4c). To ensure that this enrichment did not simply reflect
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26 that our analysis focused on neurons, we developed a null background by permuting CNV sta-
227 tus within cell types. We determined that these synaptic DGMs distinguish a subset of excitatory
»s neurons across all layers of the cortex, and a representative DGM is shown (Fig. 4d). In progeni-
29 tor cells, “CNV progenitor cells” are significantly enriched for known gene modules related to cell
a0 cycle checkpoints, e.g., CDKN1A- and TP53-related pathways (Extended Data Fig. 10e). These
2 results highlight differential regulation of dividing CNV progenitor cells versus postmitotic CNV neu-
2 rons, with CNV neurons demonstrating significant differences in synapse function gene expression
23 compared to non-CNV neurons.

234 Our differential gene module analysis revealed that synaptic gene modules are significantly down-
2 regulated in CNV neurons compared to non-CNV neurons during the postnatal period, coinciding
26 with the established timelines for neuronal elimination via programmed cell death. This process is
257 characterized by extensive neuronal elimination around birth, followed by ongoing cell death postna-
28 tally through processes thought to foster appropriate synaptic connectivity during brain development
a0 [22, 26, 51-53]. Hierarchical clustering of CNV neurons based on synaptic and cell death gene modules
20 revealed two distinct subpopulations: one subset (hereafter, “Cluster 1”) exhibited reduced synap-
a1 tic module expression and up-regulated cell death pathways (apoptosis and autophagy) (Fig. 4d-e),
22 while the remaining neurons (“Cluster 2”) maintained normal to high synaptic module expression
23 with low cell death pathway activation. The proportion of CNV neurons in Cluster 1 was high-
24 est in infant and youth samples and declined with age (Fig. 4f), consistent with the timeline of
25 synaptic connectivity and pruning during early life [27, 28]. Notably, Cluster 1 CNV neurons were
xus absent in our midgestation samples, and limitations in third-trimester sample availability prevented
27 assessment of late gestation. These findings suggest that Cluster 1 gene expression patterns emerge
xus  sometime during the perinatal period, and that the processes of synaptic function and cell death
29 contribute to the decline in CNVs observed in the postnatal period.

= (Genetic selection at key neurodevelopmental loci

»1 Since the elimination of neurons across perinatal and postnatal ages favors survival of euploid
;2  neurons, we sought to identify genetic loci (particularly coding genes contained therein) that are
»3  preferentially preserved or disrupted by neuronal CNVs, in order to identify signals of genetic selec-
»ss  tion. Using our scWGS data from 1,298 neurons, we identified regions of the genome that were
s “coldspots,” regions rarely or never disrupted in surviving neurons—indicating negative selection as
»6  disruption of these regions are poorly tolerated—or “hotspots,” regions recurrently disrupted in sur-
»s7  viving neurons that imply CNVs at these loci are tolerated and thus not negatively selected. To
s maximize analytical power, we included breakpoints from CNVs of all sizes. “Coldspots” frequently
20 overlapped regions with higher gene density (Fig. 5a), a pattern not observed for “hotspots.”

260 Given this observation, we hypothesized that “coldspots” may harbor key neurodevelopmental
1 genes, whose loss neurons or progenitors may not tolerate. We assessed “coldspots” for enrichment
% of autism (SFARI [16]), epilepsy (OMIM [54]), neurodevelopmental disorders [55], and schizophrenia
3 [bD] gene sets (Fig. 5b). Autism genes, which frequently regulate synapse formation, maintenance,
e and pruning [26, 51-53], were significantly associated with “coldspots.” Further analysis using a
%5 proteomic dataset of high-confidence postsynaptic genes revealed that these synaptic proteins were
x6  also significantly enriched within “coldspots” (Fig. 5b), reinforcing the critical role of synaptic genes
%7 in neuronal genome selection. “Coldspots” were also enriched for loss-of-function intolerant genes
s (Gnomad [56] pLI > 0.9) and for housekeeping genes critical to intrinsic cell function and showed
%0 no enrichment of cancer genes (COSMIC Consensus [57]). Collectively, these findings suggest that
a0 negative selection against copy number loss in autism-related and synapse-associated genes shapes
on the neuronal genetic landscape. Coupled with our DGM analyses, these data imply that regulation or
oz disruption of synaptic gene modules—whether via large-scale genomic alterations or through gene-
oz specific loss of synaptic proteins—critically influences neuronal survival during neurodevelopment.
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- Discussion

a5 Our data suggest that widespread CNVs are a prominent feature of postmitotic neurons during
26 human neurodevelopment and are strikingly dynamic over time. These genetic abnormalities share
a7 characteristics with those seen in early post-fertilization zygotes, including signatures of genetic
zs  stress and the formation of micronuclei [4, 5, 44]. We describe prenatal neurons with widespread
a9 CNVs which undergo two distinct phases of elimination, a dramatic reduction of widespread CNV
;0 neurons during the perinatal period, and a slower ongoing removal of both widespread CNVs and
s SigCNl-specific CNVs over the course of the lifespan (Fig. 6). This pattern parallels two waves of
222 neuronal cell death described in cerebral cortex development and maturation [22].

283 Our data indicate that previously described neurobiological processes of cellular apoptosis and
28« programmed cell death [22, 27, 28] may represent a core mechanism of genetic control for postmitotic
25 neurons. We show that the dysregulation of synaptic gene modules in a subset of neurons with
26 high CNV burden contributes to cellular elimination, along with selective pressure against dosage
x7 changes in critical neurodevelopmental genes related to synaptogenesis. Correct synaptic connectivity
288 18 critical in the human cerebral cortex for cell survival [58], and competition among neurons for
280 synaptic space is known to strongly modulate neuronal cell death [26, 51-53]. We show that neurons
200 with high CNV burdenshow dysregulated expression of synaptic pathway genes and negative selection
21 against neurons with disruption of autism-related genes and other dosage-sensitive genes. The force
22 of selection is likely related to the extent of CNVs and their impact on synaptic function, with
203 widespread CNVs and gross aneuploidy predicted to impact fitness more severely than smaller CNVs.
2a The perinatal timing of the reduction of prenatal neurons with widespread CNVs proportionally
25 mirrors the time course of a large wave of neuronal loss of ~30% occurring during late gestation
206 [59-62], a period of critical neuronal circuit formation, though patterns of cell death in humans have
27 not been characterized as fully as in model mammalian species due to the limited availability of
208 appropriate tissue.

299 Our findings of widespread CNV prenatally in noncycling neurons of the human brain was
s0 unexpected. Prior studies of aging human cortex focused on postnatal neurons, and described
sn  elimination of subchromosomal CNVs [13-15] with age—similar to our Diploid Predominant SigCN1-
a2 specific CNV (Fig. 6). Isolated observations of abnormal karyotypes in postnatal neurons similar
303 to our widespread CNV neuron population have been made [14, 15, 63] but not systematically
ss  investigated. Recently widespread aneuploidy was described in murine cortical neurons during
w5 murine midgestation [64], suggesting mechanisms of neuronal genetic variability and selection during
s neurodevelopment that may be conserved across species.

307 Given that persistence of aneuploid neurons would disrupt neuronal circuit function, the perina-
38 tal period through adolescence emerges as a critical developmental window ensuring that neurons
30 surviving into adulthood are predominantly euploid. Further refinement of the cellular genetic land-
si0 scape then occurs throughout life, likely with some interplay with the functional importance of
su  individual genes. The relative absence of CNV that encompass dosage-sensitive and synapse-related
312 genes in surviving neurons suggests intrinsic negative selective mechanisms during central nervous
a3 system development. We propose a core selective mechanism governing genomic integrity in post-
s mitotic neurons. Future studies will explore how disruptions to the processes of perinatal neuronal
35 genomic selection, through environmental or genetic influences, may permit genomically unfit neu-
a6 rons to persist, with potentially profound implications for brain function. Finally, age-related or
s neurodegeneration-related accumulation of mutations [33, 65—-68] in neurons also disrupt essential
as  neuronal genes [33], so extension of neuronal genome quality-control mechanisms into advanced age
30 may have broad impact for long-term brain health and aging.
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Fig. 1: A subpopulation of human postmitotic neurons harbors aberrant copy
number patterns genome-wide. (Continued on next page)
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Fig. 1: a. Overview of study design for scWGS, copy number calling, and downstream analyses.
Created with BioRender.com. b. Cortical plate dissection of normal prenatal human brain isolates
neuronal nuclei, confirmed by single-nucleus RNA sequencing. Neuronal nuclei (dark and light purple);
non-neuronal nuclei (yellow). c. Schematic illustration of Tn5-based amplification libraries in which
single-genomes create distinct patterns of molecular overlap that distinguishes copy number states.
d. Circos plot of CNV profiles and gain/loss distribution in 459 high quality prenatal human cortical
neurons. Chromosomes are arranged circumferentially. Neurons are ordered based on total CNV sizes.
Bar plot indicates size and frequency of gains and losses. e. Circos plot of CNV profiles and gain/loss
distribution in 625 high quality postnatal human cortical neurons. Chromosomes are arranged circum-
ferentially. Neurons are ordered based on total CNV sizes. Bar plot indicates size and frequency of
gains and losses.
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Fig. 2: Widespread CNVs that predominate prenatally are associated with copy number
signatures. a. Copy number signatures represented by the four primary signature clusters identified across
all human neurons. The left panel shows representative single-neuron copy number profiles for each of the
signature groups, the middle panel shows the composite copy number spectrum characteristic of each group,
and the bar plots in the right panel shows the signature exposure decomposition. b. Proportion of neurons
with widespread CNVs observed in human prenatal versus postnatal neurons (n=6 prenatal and n=7 postnatal
brains). Box plots indicate the median, first and third quartiles (hinges) and the most extreme data points no
farther than 1.5X IQR from the hinge (whiskers). IQR, interquartile range. p, p-value, two-tailed Student’s test.
c. Frequency of neurons with widespread CNVs rapidly decreases during the perinatal period and remains low
throughout life. Each point represents neurons analyzed for a single individual.
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Fig. 3: Etiology of CNV breakpoints. a. Association between CNV breakpoints and replication tim-
ing deciles. b. Representative region on chromosome 2 showing local association between frequent regions of
CNV breakpoints and replication timing. c. Micronuclei in the cortical plate are associated with neuronal
nuclei, marked by SATB2 staining. d. Schematic of serial sucrose gradient fractionation to obtain micronuclear
and nuclear fractions for sequencing. e. Relative depth across each chromosome after genome sequencing of
micronuclear fraction (red) compared to nuclear fraction (black), showing that the DNA content of postnatal
micronuclei increasingly resembles that of the nuclear fraction with increasing age. f. Micronuclear fraction of
genomic content relative to paired nuclear fractions shows reduction between prenatal, infant, and youth/elderly
cases. Each point represents one chromosome in a donor brain. Box plots indicate the median, first and third
quartiles (hinges) and the most extreme data points no farther than 1.5X IQR from the hinge (whiskers).
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Fig. 4: a. Schematic of snATAC/RNA-seq workflow to identify differential gene modules (DGMs)
associated with CNV states. b. Proportion of CNV neurons based on snATAC data in prenatal (n=3)
and postnatal (n=>5) brain samples show sharp decrease after birth. Box plots indicate the median, first
and third quartiles (hinges) and the most extreme data points no farther than 1.5X IQR from the hinge
(whiskers). ¢. Word cloud of statistically significant gene ontology DGMs enriched in CNV neurons.
d. UMAP visualization of snRNA-seq data from all postnatal brain cells. Left panel: excitatory and
inhibitory neuron clusters. Right panels: expression of representative DGMs for synaptic function and
cell death. Yellow dashed line highlights an extended cluster of excitatory neurons that show both
decreased synapse gene module scores and increased cell death gene module scores (Cluster 1 neurons).
e. Hierarchical clustering of CNV neurons based on significant DGM and cell elimination pathway
expression patterns reveals two distinct clusters. Cluster 1 neurons (left) represents cells with decreased
synaptic gene expression and high expression of cell death pathways, while Cluster 2 neurons (right)
show the opposite pattern. f. Cluster 1 CNV neurons are more prevalent in younger individuals.
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Fig. 5: Gene-level selection of CNV. a. Box plot showing the number of genes of surviving
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Extended Data Fig. 1 a. Nuclei isolation and confirmation of cell types from prenatal cortical plate dissection.
Excitatory neuron (ExN), inhibitory neuron (InhN), intermediate progenitor (IP), radial glia (RG), neural progenitor
(Pg), oligodendrocyte progenitor cell (OPC), microglia (Mic), endothelial cell (End). b. Single-cell isolation for post-
natal neuronal nuclei (NeuNHigh) after gating for 2N nuclei. This strategy has previously been shown to result in a
nearly pure neuronal population [33]. ¢. Dimensionality reduction of binned read coverage across single-cell genomes
of neural progenitor cell line (NPC) results in distinct clusters that identify high quality genomes. From left to right,
UMAP colored by: (top) leiden clustering, (middle) NPC nuclei state inferred from staining, and (bottom) cell type
(NPC or neuron) after label transfer. d-f. Representative copy number profile for QC Clusters 0-2. Only QC Cluster
0 cells were used for subsequent analyses. g-h. Coverage uniformity (measured by MAPD) and total reads for NPC
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depths and CNV lengths. e. Distribution of CNV calls per neuron in the single neuron data before and after FOD
filter, demonstrating substantial filtering of likely false positives. f-g. Examples of copy loss (f) and copy gain (g)
from a single cell, showing copy number, FOD values, and fragment overlaps. Solid lines indicate FOD-confirmed CNV

s calls while dashed lines indicate FOD-rejected calls.
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number signature to each neuron. Clusters are defined by hierarchical clustering of normalized exposures. b. Refer-
ence COSMIC copy number signatures that are most prevalent in human neurons. c. Mean normalized exposure of
composite (e.g., SigCN1+SigCN9) COSMIC copy number signatures. d. Cosine similarity between composite COS-
MIC copy number signatures and neuronal CNV profiles.
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= Tables
Donor ID Age group Sex Age  Cells Cells passed QC  Pass Rate (%)
4827 prenatal F 14wk 94 87 92.6
1117 prenatal M 15wk 82 68 82.9
1367 prenatal M 15wk 81 64 79.0
219 prenatal F 18wk 94 66 70.2
14 prenatal F 18wk 40 39 97.5
1932 prenatal M 21wk 92 64 69.6
4942 prenatal F 25wk 75 71 94.7
4428 postnatal M 0.2y 81 73 90.1
5871 postnatal M 0.6y 91 91 100.0
1864 postnatal F 2y 78 61 78.2
6032 postnatal M 4y 17 14 82.4
4782 postnatal M 18y 86 85 98.8
5926 postnatal M 21y 12 11 91.7
5958 postnatal M 22y 23 16 69.6
5621 postnatal F 3Ty 34 29 85.3
5451 postnatal M 5Ty 66 61 92.4
E853 postnatal F 82y 118 107 90.7
047 postnatal F 90y 78 7 98.7
Intact nuclei NPC 71 47 66.2
Disrupted nuclei NPC 54 33 61.1

Table 1: Sample table of all prenatal, postnatal, and cell line TbA libraries
used in this study. Pass rate refers to percent of cells passing all quality controls
(see methods). NPC: neural progenitor cell line.

Micronuclei (manual)  Main nuclei (Cellpose)  Main nuclei (manual)

Image 1 26 265 251
Image 2 24 374 324
Image 3 15 457 361
Image 4 11 465 416
Image 5 27 443 349
Average 20.6 400.8 340.2

Table 2: Micronuclei and primary nuclei enumeration in the cortical
plate. Enumerated across 5 different images.
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Micronuclei Nuclei Micronuclei Nuclei

Donor ID mean mean mean mean

coverage coverage depth depth
1932 67.25 70.40 1.85 2.01
4428 62.69 80.88 1.58 3.19
4942 47.67 62.16 1.43 2.16
5621 34.95 69.42 0.93 2.97
5926 46.02 63.44 1.36 2.17
5871 17.24 59.65 0.43 2.04

Table 3: Sequencing statistics for paired micronuclei and nuclei
isolated by sucrose gradient fractionation.
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s Methods

s0 Isolation of neuronal nuclei

s Human prenatal brain tissue was obtained from the NIH Neurobiobank from the frontoparietal
sz lobes sectioned into 40um sections with cryostat. Cortical plate was dissected using a microscalpel
si3 under a light microscope and dissociated into nuclei using gentle dounce homogenization in 1.5mL
sae  lysis buffer (10mM Tris-Hel pH 8.0, 250mM sucrose, 25mM KCl1, 5mM MgCl12, 0.1% Triton-X, 1X
ss  Compleat Mini Protease, lmM DTT). Nuclei were pelleted by centrifugation for 10 minutes at 900G.
s Supernatant was removed and nuclei were resuspended in sorting buffer (1X PBS pH7.4, 0.8% BSA,
s 0.1pug/mL DAPI). Flow cytometry was performed, gating for FSC, SSC, and DAPI content, to isolate
sis - single nuclei. For postnatal brain nuclei, staining was performed with both DAPI and Alexa Fluor
s0 488 conjugated Anti-NeuN at 1:1000 for 1 hour at 4°C (Sigma Aldrich MAB377X) as previously
ss0  described [1].

s Single nuclei whole genome library preparation

52 Single nuclei were lysed in microwells in 2ul lysis buffer (20mM NaCl, 20mM Tris-Hel pH 8.0, 0.15%
53 Triton-X, ImM EDTA, 250mM DTT, 0.05ul Thermolabile Proteinase K (NEB P8111S)) at 30°C
ssa for 1 hour and proteinase inactivation at 55°C for 10 minutes. This step digests nucleosomes and
5 improves accessibility of the genome. Tn5 was loaded per manufacturer instructions (Diagenode
ss6 C01070010-20), and 1ul of Tn5 diluted 1000-fold was used per single nuclei. Tagmentation was
ssv - performed using manufacturer buffers and instructions (Diagenode). Single-cell genome libraries were
sss generated by 16 cycles of PCR using NexteraXT v2 indexes. Rows of 12 single cells were pooled for
ss9  cleanup using Zymo Clean and Concentrator Kit. Each row of single cells was eluted in 42ul Zymo
s elution buffer for subsequent Ampure XP size selection at 0.8X. Four rows (48 cells) were pooled for
s1 sequencing in equimolar concentration, and sequencing was performed on Novaseq6000 (Novogene)
s2  for a target library size of 0.5Gb per single cell library. Illumina reads were aligned to the human
s reference with decoy sequence GRCh37d5 (hs37d5) using bwa-mem [2].

s« Single-cell library quality assessment

ss Lo ensure analysis of only high quality single-cell genomes, we first removed cells with <10M reads,
so  and then used cell line data as the basis for transfer learning in order to distinguish high-quality
ss7  from poor-quality sequencing profiles. The ThA libraries from single cells of a neuronal progenitor
ss cell line (NPC) allowed us to establish a benchmark of sample quality. It is a labeled dataset of high-
s quality, recently viable cells as well as cells with compromised nuclear integrity through staurosporin
s treatment. To categorize cells computationally, we first normalized read counts for each cell in the
sn - NPC dataset using HiScanner [3]’s read-depth normalization function with bin size set to 500 kb,
s2 resulting in a cell-by-bin matrix. Next, we used scanpy [4] to scale the read counts, standardizing
s;3 variance across cells, followed by principal component analysis (PCA) for dimensionality reduction.
s Cell-to-cell similarity was quantified by constructing a neighborhood graph with scanpy.pp.neighbors.
s Clustering was performed using the Leiden algorithm with a resolution parameter of 0.2. After visual
s inspection and correlating cluster-wise read count profiles with existing replication timing tracks,
s library sizes, and MAPD scores, we determined that the three clusters (QC clusters 0, 1 and 2) in
sz NPC data are “high quality”, “likely replicating” and “poor quality”, respectively. We subsequently
so  applied scanpy.tl.ingest to project these labels and embeddings from NPC to human brain single cell
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20 ThA data with default parameters. Only cells labeled as “high quality” (cluster 0) were retained.
s In addition, we excluded batches with a passing rate (defined as the proportion of cells in cluster
s 0 relative to the total cell count in a given batch) below 65%, as we reasoned that low pass rates
ss3  indicated poorer quality samples overall.

= Single-cell CNV calling pipeline

ses  After filtering at the cellular and sample level as above, we called CNVs on single-cell genomes using
ss5  first a depth-only mode, followed by validation using fragment overlap density (FOD; Supplemental
se7 - Methods) to improve calling precision.

ss  CINV calling based on depth

9 Hiscanner [3] was applied in “rdr-only” mode with specific parameters optimized for our analysis.
s0 The bin size was set to 500 kb mappable positions. The hgl9/GRCh37 genome was used as reference.
sn  Lambda was set to 16, and ploidy restriction was enabled (maz_wgd=1). The multisample option was
s disabled (multisample=false) to process each cell individually. Hiscanner verison 1.4 was installed
s3 via pip install hiscanner. To ensure the reliability of detected CNVs, we implemented a stringent
s filtering approach: CNV candidates with a p-value > 0.05 or those spanning fewer than 10 bins
sos  (approximately 5 Mb of mappable positions) were excluded. We also removed candidates within the
s pseudoautosomal regions (PARs) of chromosomes X and Y, as defined in the hg19/GRCh37 genome
so7  assembly.

ss  CINV validation based on FOD

so  To refine CNV calls, the most confident diploid segments in each cell were identified as the five
oo longest regions with a predicted copy number of 2, assuming no whole-genome doubling. The mean
s and standard deviation of FOD values from these regions established a cell-specific baseline for the
e02 diploid state. Z-scores were calculated for each CNV based on this baseline. CNV calls were retained
o3 if they met the thresholds of FOD Z-score > 1.96 for gains (CN > 2) or FOD Z-score < -1.96 for
s losses (CN < 2). Cells with a diploid mean FOD of zero were excluded. Filtered CNVs were assigned
o5 their HiScanner-derived copy number, while calls failing to meet the threshold (FOD-rejected CNV)
oo retained the diploid background value of 2.

«r Copy number signature analysis

ws To identify copy number signatures at the single-cell level, we used SigProfiler Assignment (version
00 0.1.4) in conjunction with SigProfilerMatrixGenerator (version 1.2.26) [5, 6]. Given the lack of allele-
s0  specificity in our single-cell copy number calls, we developed a conversion scheme to transform our
eu1  integer copy number states into pseudo-allele-specific states. Specifically, we mapped copy numbers
sz into allelic states as follows: 0 to 0]0, 1 to 1|0, 2 to 1|1, 3 to 2|1, 4 to 3|1, and so on up to a
s3  maximum copy number of 11 (10|1). This approach allowed us to build the input 48-channel copy
s1a  number summary vectors that capture the complexity of copy number alterations while maintaining
s1s compatibility with existing signature analysis frameworks. SigProfiler Assignment was then executed
ss  using default parameters, utilizing the COSMIC version 3.4 pan-cancer signature panel (CN1-22,
s also referred to in our paper as SigCN1-22) [7] as reference.

618 To assess the quality of our signature analysis and explore patterns across cells, we performed
610 hierarchical clustering on the signature exposures using Euclidean distance and average linkage.
&0 The resulting dendrogram revealed distinct groups of cells with similar signature exposure profiles,
e potentially indicating shared underlying genomic etiologies. We further evaluated the robustness
62 of our signature assignments by examining the cosine similarity between the original copy number
623 profiles and their reconstructions based on the assigned signatures. The mean cosine similarity was
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ea calculated for each cluster of cells, providing a measure of how well the signature decomposition
65 captured the copy number patterns within each group.

o Breakpoint distribution analysis

e7 To investigate the relationship between CNV breakpoints and genomic features, we analyzed repli-
e cation timing and DNA double-strand break (DSB) distributions. For replication timing analysis,
&0 we utilized the replication timing track of BGO2ES (human embryonic stem cell) line generated by
s0 the ENCODE project [8, 9] downloaded from the UCSC Genome Browser [10]. The average replica-
e tion timing signal was calculated for each 500 kb mappable bin and normalized between 0 and 1. For
s DSB analysis, BLISS coordinates were downloaded from FigShare [11, 12], and DSB BED files for
sz each replicate were intersected with the 500 kb genomic bins to quantify DSB signals, which were
6 then normalized between 0 and 1.

635 To establish a background distribution for CNV enrichment analysis, 10,000 random CNVs were
36 generated for each original CNV, matching their length distribution within autosomes (chrl-22).
637 Peri-centromeric and telomeric regions were excluded to minimize biases, with centromeric regions
ss  defined by extending UCSC cytoband coordinates by 45 Mb and telomeric regions defined as the first
s and last 5 Mb of each chromosome. Replication timing data were divided into deciles representing
s0 quantiles across the genome. For each decile, observed-to-expected (O/E) ratio was calculated by
s normalizing observed breakpoints (i.e., start and end sites of a CNV) to the expected number based
s2 on random simulations. Correlation between replication timing O/E ratios for CNVs from different
w3 categories (age group, signature group) was calculated, and statistical significance was evaluated
s using Pearson correlation tests.

645 To analyze the relationship between CNV breakpoints and DSBs, we compared CNV breakpoint
as  distributions to BLISS data from six different neural cell preparations: two biological replicates each
sr  from human neuroepithelial stem cells (NES), neural progenitor cells (NPC), and post-mitotic neu-
s ral cells (NEU). For each BLISS track, we identified hotspots of DSB activity and calculated (O/E)
&9 ratios comparing the frequency of CNV breakpoints overlapping these hotspots to randomly simu-
oo lated background breakpoints, following the same permutation approach used for replication timing
1 analysis. For statistical robustness, we aggregated data across NPC and NEU tracks (excluding NES
2 due to its high correlation with replication timing [Pearson r > 0.5, p < 0.05]). The O/E ratios were
&3 capped at 4 for better visualization, and statistical significance was assessed using t-tests comparing
¢ aggregated O/E ratios between hotspot and non-hotspot regions within each signature group, with
o5 p-values adjusted for multiple testing using the Bonferroni correction.

s CNV gene set enrichment analysis

es7 1o identify hot and cold spots in Diploid Predominant neurons, we adapted an approach similar to
s Sun et al [13]. We defined genomic bins of 5 Mb by aggregating the existing 500 kb bin coordinate
60 set that was used in CNV calling, with any remaining small segments at the end of the chromosome
s0 discarded. Each 5 Mb bin was assigned an empirical overlap count, representing the number of over-
e1 laps with observed CNVs. We then performed 10,000 permutations, as outlined in the “Breakpoint
62 distribution analysis,” preserving the CNV sizes. For each permutation, the number of overlaps with
o3 random CNVs was also calculated, allowing us to generate a null distribution for each bin. P-values
es were calculated to assess whether the observed CNV overlaps deviated significantly from the ran-
ss dom expectation, with separate p-values for enrichment (“hotspots”) and depletion (“coldspots”).
es  Adjusted p-values were computed using Bonferroni correction, and significant hotspots and coldspots
e7 were identified accordingly. Each 5 Mb bin was further evaluated for overlaps with gene sets, includ-
ss  ing housekeeping genes (Gene Ontology), loss of function intolerant genes (pLI [14]>0.95), SFARI
0 [15] Autism genes, neurodevelopmental disorder [16], schizophrenia [16] gene sets, and cancer driver
so  genes from COSMIC [17], and epilepsy (OMIM [18] symptom search “epilepsy”). Based on their
enn  adjusted p-values, bins were classified as hotspots, coldspots, or neutral regions, with a significance
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ez cutoff of 0.05. To assess gene set enrichment within hotspots and coldspots, hypergeometric tests
ez were performed to evaluate over-enrichment of each gene set within these regions compared to all
o7« genomic bins.

& Single-nuclei multiomic ATAC/RNA library preparation

e INucleil were isolated as above and permeabilized after flow cytometry according to the Nuclei Isola-
ez tion from Complex Tissues for Single Cell Multiome ATAC + Gene Expression Sequencing protocol
e from 10X Genomics (Demonstrated Protocol, CG000375). Chromium Next GEM Single Cell Multi-
oo ome ATAC + Gene Expression libraries were prepared according to the manual with adaptations to
0 also enable detection of complementary DNA strands (duplexes) (personal communications Andrea
s Kriz PhD). Duplex information was not utilized for this study.

& Cell type and CNV annotation of single-cell ATAC/RNA data

63 The multiomic dataset consists of snRNA-seq and snATAC-seq data from prenatal and postnatal
es brain samples, produced following the 10X Genomics protocol. The multiome data was processed
ses using the 10x Genomics Cell Ranger ARC pipeline (version 2.0.1). The multiomic dataset was ana-
ses lyzed with Seurat (version 5.0.1) [19] and Signac (version 1.12.0) [20] R packages. For both prenatal
e and postnatal brain samples, cells were filtered on several metrics. First, multiplet detection was
es performed on snATAC-seq data using AMULET, after which cells classified as multiplets were fil-
eo  tered out. Filtering thresholds for several metrics were then determined by visual inspection of rank
s plots of each metric for all samples. For total RNA molecule count, RNA feature count (number of
s genes), and total ATAC fragment count, a lower threshold of 1000 was used to remove empty back-
sz ground cells and no upper threshold was used given multiplet removal had already been performed.
e For both nucleosome signal and transcription start site (T'SS) enrichment values from ATAC data,
¢ cells were removed with lower (0.32 for nucleosome signal and 1.75 for T'SS enrichment) and upper
05 (1.59 for nucleosome signal and 6.80 for T'SS enrichment) thresholds determined by the rank plots.
ss Additionally, a lower threshold of 0.5 was determined from the rank plots for the fraction of reads
607 in peaks.

ws Cell type annotation based on snRINA-seq

s0 Cell type annotation was performed by mapping each sample to a reference sample. We chose separate
w0 references for prenatal and postnatal due to the differences in cell type composition between prenatal
o1 and postnatal cells. For the prenatal samples, 29180_F4 was chosen as reference, and for the postnatal
72 samples, the downsampled reference was used from a prior published dataset [21]. The prenatal
3 reference was manually annotated by first performing unsupervised clustering on normalized, PCA-
s transformed RNA count data. The resulting clusters were then manually annotated using known
s marker genes for different cell types. A UMAP (Uniform Manifold Approximation and Projection)
06 representation was generated for the prenatal reference. For the postnatal reference, the pre-existing
77 annotations from Herring et al [21], based on clustering performed in the paper, were used. The
78 remaining non-reference “query” samples were then projected onto the reference UMAPs using
o Seurat’s MapQuery function. The MapQuery function transferred the manually annotated cell type
no labels from reference to query samples, resulting in complete cell type annotation for all samples in
m  the multiome dataset.

2 CNV inference from snATAC-seq

ns CNV calling was performed using the R package epiAneufinder (version 1.0.3). [22], with a window
na  size of 100 kb, and a minimum fragment number of 20,000 per sample. The parameter minCN Vsize
75 was set to 0, meaning that the minimum callable CNV size was 1 bin, i.e. 100 kb. After CNV calling
ne  was complete, the CNV calls were combined across all samples by taking the intersection of bins
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77 in all samples. For the resulting bins, for each cell across all samples, the percentage of bins with a
ns  CNV (either gain or loss) was calculated. The resulting distribution of percentage of bins affected
ne  was used to determine a cutoff for our definition of CNV Neurons or CNV Cells. Tukey’s rule was
=0 applied for identifying outliers, such that any cell with a percentage of bins greater than the third
= quartile plus 1.5 times the interquartile range (Q3 4+ 1.5IQR) was classified as an outlier. These
=2 outliers were then classified as CNV neurons, and non-outliers as non-CNV neurons.

= Differential gene module (DGM) analysis

2 We analyzed the snRNAseq part of single-cell multiome data separately for prenatal samples (n=3;
2 UMBA4827, UMB1932, 29180_F4) and postnatal samples (n=>5; APGEQ, U1790, U4643, UMB1278,
2e  UMB1864) due to differences in cell type composition. For each age group, sample-specific Seurat
727 objects were merged into a combined dataset while preserving sample identifiers. Gene expression
s values were log-normalized with a scale factor of 10,000. To assess pathway activation, we calculated
2o module scores using gene sets from the Molecular Signatures Database [23] (MSigDB), including
120 Gene Ontology Cellular Component terms and curated gene sets (C2). For C2, we only included
1 gene sets that matched the keywords “senescence,” “apoptosis,” “autophagy,” and “caspase” — here-
2 after referred to as “cell elimination C2 pathways.” Module scores were computed using Seurat’s
w3 AddModuleScore function using default parameters, which calculates the average expression of each
7 gene set in a given cell after controlling for gene expression program complexity by subtracting the
s aggregated expression of randomly selected control gene sets with similar average expression levels.
736 To test for associations between gene module scores and CNV neuron status, we implemented a
7 stratified permutation testing approach. For each gene module, we calculated the observed difference
7¢  in mean module scores between CNV and non-CNV cells (hereafter referred to as “absolute observed
10 difference”). Statistical significance was assessed through 10,000 permutations, where CNV neuron
no labels were randomly shuffled within each stratum defined by sample and cell type, preserving the
=1 underlying data structure. P-values were calculated as the proportion of permuted differences that
n2  exceeded the observed difference in absolute value and were adjusted for multiple testing using Bon-
ns  ferroni correction. In order to avoid confounding by cell-type specific gene expression differences, this
e analysis was performed separately for each major cell type (excitatory neurons, inhibitory neurons,
us  progenitors, and rest) and developmental stage (prenatal and postnatal).

ns Clustering of CNV neurons based on DGM and cell death pathways

77 To identify distinct subpopulations of CNV neurons based on their pathway activation patterns,
ns  we performed hierarchical clustering on the normalized gene module scores from a selected set of
o pathways. Since clustering on all available pathways could introduce noise from non-informative or
0 weakly differential pathways, we focused on the top 10 most differentially activated gene modules
m from GOCC and cell elimination C2 pathways, ranked by the absolute observed difference (see
2 DGM analysis section above for definition of “absolute observed difference” and the selection of cell
73 elimination C2 pathways). The module score matrix was normalized by subtracting the mean and
s dividing by the standard deviation across cells. Hierarchical clustering was performed using average
s linkage with the cosine distance metric. We determined an optimal cluster number (n=2) through
76 visual inspection of the dendrogram and cluster stability.

757 To visualize pathway activation patterns, we generated heatmaps using the seaborn clustermap
s function with row clustering enabled for gene sets and column clustering for cells. The resulting
70 visualization revealed two main clusters of cells with distinct pathway activation patterns. Cell
o cluster assignments were validated through multiple approaches, including assessment of cluster
w1 sizes (Cluster 1: 1,667 cells; Cluster 2: 2,487 cells) and evaluation of enrichment of CNV neurons
w2 using Fisher’s exact test. The association between cluster membership and CNV neuron status was
w3 quantified using odds ratios with 95% confidence intervals. Multiple testing correction was performed
s using the Bonferroni procedure.
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