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Abstract 25 

 26 

Autism spectrum disorder (ASD) is a highly heterogenous neurodevelopmental disorder with 27 

numerous genetic risk factors. Notably, a disproportionate number of risk genes encode 28 

transcription regulators including transcription factors and proteins that regulate chromatin. 29 

Here, we tested the function of nine such ASD-linked transcription regulators by depleting them 30 

in primary cultured neurons. We then defined the resulting gene expression disruptions using 31 

RNA-sequencing and tested effects on neuronal firing using multielectrode array recordings. We 32 

identified shared gene expression signatures across many ASD risk genes that converged on 33 

disruption of critical synaptic genes. Fitting with this, we detected drastic disruptions to neuronal 34 

firing throughout neuronal maturation. Together, these findings provide evidence that multiple 35 

ASD-linked transcriptional regulators disrupt transcription of synaptic genes and have 36 

convergent effects on neuronal firing that may contribute to enhanced ASD risk. 37 

 38 

Introduction 39 

 40 

Autism Spectrum Disorder (ASD) is a highly prevalent neurodevelopmental disorder with 41 

numerous risk genes (De Rubeis et al. 2014; Iossifov et al. 2014; Sullivan and Geschwind 2019; 42 

de la Torre-Ubieta et al. 2016). Major functional groups of ASD risk genes have emerged 43 

including a large portion that encode proteins that regulate transcription (Iossifov et al. 2014; 44 

O’Roak et al. 2012; Parikshak et al. 2013; De Rubeis et al. 2014).  Of these ASD-linked 45 

transcriptional regulators, many encode proteins that regulate chromatin, the complex of DNA 46 

and histone proteins that helps to regulate transcription. Others encode transcription factors 47 

while still others directly modify DNA itself. Thus, distinct groups of proteins with disparate 48 

functions in transcriptional regulation can lead to overlapping phenotypic outcomes. 49 

We previously tested the effects of disrupting a set of ASD risk genes that function as 50 

chromatin regulators and found that they affected expression of a common set of genes that 51 
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encode synaptic proteins (Thudium et al. 2022). This gene expression signature was detected in 52 

multiple systems and, together with the broader literature (Satterstrom et al. 2020; Zhao et al. 53 

2018), suggest that neurons have gene sets that are highly susceptible to chromatin disruptions 54 

regardless of the specific manipulation with similar signatures found across other psychiatric 55 

disorders (Rajarajan et al. 2018; Schrode et al. 2019). Further, numerous studies have identified 56 

sets of synaptic genes that have unique chromatin features and that are disrupted in ASD, either 57 

directly as ASD risk genes or indirectly following disruption of ASD-linked transcriptional 58 

regulators (Satterstrom et al. 2020; Zhao et al. 2018). Both our work and others (Thudium et al. 59 

2022; Satterstrom et al. 2020) found that the targets of ASD-linked transcriptional regulators do 60 

not directly regulate other ASD-linked gene more than is expected by chance and instead target 61 

synaptic genes more broadly. However, prior analysis was limited to a handful of chromatin 62 

regulators. Whether similar transcriptional signatures are detected in response to disruption of 63 

transcriptional regulators more broadly beyond just chromatin-modifying enzymes, and whether 64 

such changes result in shared functional outcomes remain unclear.  65 

To address these outstanding questions, we used a primary neuronal culture model to 66 

allow for comparisons within a highly controlled, genetically identical population of neurons. We 67 

partially depleted chromatin regulators, DNA modifying enzymes, and transcription factors that 68 

are all strongly linked to ASD. Using RNA-sequencing, we defined gene expression signatures 69 

common between these ASD-linked transcriptional regulators. We identified shared gene 70 

expression signatures that encoded critical neuronal proteins including numerous synaptic 71 

proteins. We next used multielectrode array (MEA) recording to test the functional implications 72 

of these transcriptomic changes on neuronal firing patterns. Every transcriptional regulator 73 

tested affecting spiking and bursting patterns throughout neuronal maturation. These data 74 

demonstrate that disruption of multiple types of ASD-linked transcriptional regulators results in 75 

shared gene expression signatures and neuronal firing patterns despite having divergent effects 76 

on chromatin and gene regulation. Our findings define shared functional outcomes of distinct 77 
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ASD-linked genes during neuronal maturation, improving our understanding of the molecular 78 

basis for ASD and related neurodevelopmental disorders. 79 

 80 

Results 81 

 82 

Depletion of ASD-linked transcriptional regulators affects gene expression  83 

 Here, we sought to define shared gene expression signatures amongst multiple ASD-84 

linked transcriptional regulators including ASH1L, CHD8, DNMT3A, KDM6B, KMT2C, MBD5, 85 

MED13L, SETD5, and TBR1. We selected these targets to jointly test the roles of chromatin 86 

regulators, DNA modifying enzymes, and transcription factors, expanding upon prior work that 87 

focused on single classes of these proteins. Importantly, we chose chromatin modifying 88 

enzymes that target different both distinct (KDM6B, KMT2C) and overlapping (ASH1L, SETD5) 89 

histone sites, histone remodelers from 2 different complexes (CHD8, MED13L), a DNA 90 

modifying enzyme (DNMT3A), a transcription factor (TBR1), and a non-catalytic chromatin-91 

complex protein (MBD5) (Table 1). Additional criteria included that each are high confidence 92 

ASD genes (score as a ‘1’ within the SFARI gene module and are significant TADA genes), lead 93 

to well-defined syndromes or associated phenotypes caused by loss-of-function mutations or 94 

deletions, and have been successfully modeled in mice (Fu et al. 2022; Gao et al. 2021; Shen et 95 

al. 2019; Brauer et al. 2023; Lavery et al. 2020; Nakamura et al. 2024; Moore et al. 2019; 96 

Beighley et al. 2020; Bernier et al. 2014; Chatterjee et al. 2021; Hurley et al. 2021; Adegbola et 97 

al. 2015; Christian et al. 2020; Li et al.; Huang et al. 2019; Mullegama and Elsea 2016; 98 

Camarena et al. 2014). 99 
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 100 

 To test these genes of interest, we used primary neuronal cultures derived from E16.5 101 

embryonic mouse cortical tissue to generate a highly pure neuron population (Fig. 1A) 102 

(Thudium et al. 2022). This allows for all targets to be tested within the same cell population 103 

without the complexity and heterogeneity of brain tissue. Further, this system provides a 104 

genetically identical background which avoids confounding variables from the mixed 105 

backgrounds from patient samples. This system is also sufficiently tractable to test multiple 106 

candidate genes in parallel within neurons derived from the same embryo, thus providing a 107 

highly controlled system for comparisons and true biological replicates. Lastly, this system 108 

allows for targeting of transcriptional regulators in neurons following isolation from tissue and 109 

establishment of neuronal identity. This ensures that the same cell types are measured across 110 

conditions by avoiding disruptions to neuronal precursor cells that ultimately might affect cell 111 

identity, or the ratio of inhibitory and excitatory neurons present during testing. While disruptions 112 

during early neurogenesis are almost certainly highly relevant to the biology underpinning ASD, 113 

here we specifically sought to focus on effects within post-mitotic neurons to allow for direct 114 
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comparisons in equivalent cell types without disrupted developmental trajectories. Together, this 115 

system therefore allows for the parallel testing of multiple genes across multiple biological 116 

replicates on a genetically identical background during a key period of neuronal maturation 117 

without changes in cell identity.   118 

We cultured neurons derived from 6 wildtype E16.5 cortices (3 male and 3 female) and 119 

infected neurons with lentivirus containing shRNA at 5 days in vitro (DIV) to achieve partial 120 

depletion of targets and model a partial loss of function variant. Depletion of each target 121 

transcript was confirmed at DIV 10 (Fig. S1A) and, where antibodies were available, similarly 122 

confirmed depletion at the protein level here (Fig. S1B) or in prior work (Thudium et al. 2022). 123 

We then performed RNA-sequencing at DIV 10, the timepoint when we previously identified 124 

robust transcriptional effects of multiple ASD-risk genes (Thudium et al. 2022). We again 125 

confirmed knockdown of each target, and, similar to prior findings (Thudium et al. 2022), 126 

determined that these transcriptional regulators do not directly affect gene expression of the 127 

other ASD-linked transcriptional regulators examined here (Fig. 1B). This suggests that any 128 

shared downstream effects are not simply due to one target causing disruption of another and 129 

thus also disrupting their target genes indirectly.  130 

Next, we defined differentially expressed genes (DEGs) following depletion for all targets 131 

(Fig. 1C, Supplemental Data Table 1). Importantly, we did not detect any DEGs comparing 132 

non-targeting shRNA viral infection controls to non-infected neurons indicating that the viral 133 

infection alone did not perturb gene expression in neurons (Fig. S1C-D). All targeted shRNAs 134 

caused gene expression changes, although to markedly differing degrees. Notably, the degree 135 

of knockdown was not strongly correlated with the number of DEGs identified or the basal 136 

expression level of the target itself (Fig. S1E-F). This suggests that some ASD-linked 137 

transcriptional regulators have more robust effects on neurons during early maturation stages 138 

than others due their functional relevance to transcription in this culture system rather than due 139 

to technical factors. We performed gene ontology analysis on each group of significantly altered 140 

genes and found a wide range of enriched molecular and biological pathways across DEGs by 141 
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depletion (Supplemental Data Table 2). These included dysregulations of genes associated with 142 

immune functioning such as with Tbr1, Ash1l, and Kmt2c (Fig. 1D) as well as extracellular 143 

components in Kdm6b, Chd8, and Mbd5. Med13l and Chd8 loss resulted in the greatest total 144 

number of differential expressed genes at this neuronal time point. Med13l depletion showed 145 

strong enrichment in metabolism for upregulated genes and neuron functioning and 146 

transmembrane transport genes for downregulated genes (Fig. 1E). These findings were 147 

recapitulated using the synapse-specific gene ontology analysis SynGO (Fig. 1F). To determine 148 

the extent to which each depletion affected synaptic functioning beyond the most significant 149 

DEGs, we performed gene set enrichment analysis for each dataset examining expression 150 

change trends for postsynaptic membrane potential and synapse adhesion (Fig. 1G-H). Nearly 151 

every target showed significant downward trends for these key neuronal pathways. Notably, 152 

while prior work found that these gene sets are highly sensitive to chromatin disruptions, these 153 

analyses extend these findings to other forms of transcriptional regulation beyond histone 154 

modifying enzymes. Together, this work demonstrates that a broad range of ASD-linked 155 

transcriptional regulators serve to control expression of synaptic genes in immature neurons.  156 

 157 

158 
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Depletion of ASD-linked transcriptional regulators cause shared gene expression 160 

changes.  161 

Notably, each individual shRNAs can have off-target effects that may contribute to 162 

transcriptional changes. Therefore, we sought to compare the effects of 9 different targets on 163 

gene expression and focus on their shared transcriptomic outcomes. We anticipate that through 164 

this approach, we are more likely to detect gene sets that are most sensitive to loss of ASD 165 

linked genes rather than an off-target effect of a single shRNA. To define overlapping 166 

transcriptional changes, we first directly compared DEGs from each target and found significant 167 

overlap among many (Fig. 2A-D, Supplemental Data Table 3). This fits with prior results that 168 

suggest that ASD-linked transcriptional regulators share multiple gene targets despite acting 169 

through disparate mechanisms in chromatin (Thudium et al. 2022). Interestingly, we found little 170 

overlap with high-confidence ASD risk genes (Fig. S2A). This supports prior findings (Thudium 171 

et al. 2022) and suggests that ASD-linked transcriptional regulators cause neuronal disruption 172 

through mechanisms distinct from simply directly dysregulating other ASD-linked synaptic 173 

genes.  174 

We next sought to identify functional enrichment in shared gene sets. We found that 175 

genes that were differentially expressed in at least two or three gene sets encoded proteins 176 

relevant to neuronal function such as transmembrane transporters and trans-synaptic signaling 177 

components (Fig. 2E). Further, these genes shared several chromatin signatures (Fig. S2B). 178 

Gene sets detected in at least 2 or 3 conditions were enriched for genomic regions that 179 

contained bivalent domains similar to prior findings (Thudium et al. 2022). Interestingly, we also 180 

found that down regulated genes typically having longer gene lengths (Fig. 2F). These findings 181 

suggest that instances of specific genomic features (Zhao et al. 2018) and disrupted expression 182 

of long genes (King et al. 2013) are common features of transcriptional disruptions underlying 183 

ASD. Together, these findings indicate that ASD-linked transcriptional regulators share gene 184 

targets, particularly long genes that may sensitize them to disruption, and have common 185 

functional outcomes in regulating expression of genes that function at neuronal synapses.186 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 26, 2025. ; https://doi.org/10.1101/2025.03.25.645337doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.25.645337
http://creativecommons.org/licenses/by-nc-nd/4.0/


 187 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 26, 2025. ; https://doi.org/10.1101/2025.03.25.645337doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.25.645337
http://creativecommons.org/licenses/by-nc-nd/4.0/


Defining common transcriptional signatures ASD-linked transcriptional regulators. 188 

  189 

We next used limma-voom analysis (Law et al. 2014a; Ritchie et al. 2015) to generate a 190 

differential gene expression model factoring all transcriptional regulators together to define 191 

common transcriptional signatures that diverge from control infected neurons. We found that 192 

this multi-condition modeling of the depletions together resulted in significant up and down 193 

regulated gene sets with a greater number of downregulated genes identified (Fig. 3A, 194 

Supplemental Data Table 4). To understand what combinations of transcriptional regulators 195 

contributed to the transcriptional signature identified by limma, we examined top hits from this 196 

analysis and found genes with similar changes in gene expression across multiple conditions 197 

(Fig. 3B-C). As expected, this signature includes many of the DEGs found in at least 2 or 3 198 

direct comparisons (Fig. 3D). Pairwise comparisons of the trends in gene expression of the 199 

shared limma signature model showed variable but strong correlations and overlaps between 200 

nearly every pair of targets indicating that this approach was successful in identifying 201 

convergent gene sets that link all 9 targets (Fig. 3E).  202 

We used gene ontology to examine the function of these gene sets and found that 203 

upregulated genes were enriched for those with proteasomal and endopeptidase activity while 204 

those that were downregulated were primarily trans-synaptic signaling similar to the previous 205 

overlap analysis. (Fig. 3F). We observed a small but significant overlap between the 206 

downregulated signature and ASD risk genes (Fig. S3A) and again found that downregulated 207 

genes are longer than nondifferential expressed genes (Fig. S3B). Together, these findings 208 

define a transcriptional signature that is shared across the target genes of multiple ASD-linked 209 

transcriptional regulators. This signature expands upon prior work (Thudium et al. 2022) 210 

demonstrating that long synaptic genes are highly sensitive to chromatin disruptions. 211 

Importantly, these findings demonstrate such features are true of ASD-linked transcriptional 212 

regulators more broadly than only ASD-linked chromatin modifying enzymes. 213 
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Gene expression modules influenced by ASD-linked transcriptional regulators 215 

 216 

 Next, we sought to expand these comparisons using more sensitive measures. We 217 

therefore used weighted gene co-expression network analysis (WGCNA) (Zhang and Horvath 218 

2005) to capture system-level changes associated with depletion of ASD-linked transcriptional 219 

regulators. We found multiple gene expression modules that were significantly associated with 220 

individual ASD-linked transcriptional regulators, as well as modules shared amongst multiple 221 

regulators (Fig. 4A, S4A, supplemental data table 5). In particular, we detected multiple 222 

significant modules enriched for genes involved in synapse function and neuronal development, 223 

similar to our other analyses (Fig 4B-C). Interesting, we also detected gene modules linked to 224 

metabolism (Fig 4D, S4B), another major cellular function previously linked to ASD (Rossignol 225 

and Frye 2012a, 2012b). This suggests that this analysis may reveal more subtle gene 226 

expression changes that also contribute to cellular changes associated with ASD. These 227 

findings support the broader conclusion that ASD-linked genes have similar functional outcomes 228 

rooted in transcriptional signatures that are share between conditions. Further, these different 229 

analyses reveal common trends observed in ASD research more broadly including disruption of 230 

neuronal synapses, neuronal development and metabolism.  231 
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 232 

ASD-risk transcriptional regulators disrupt neuronal firing patterns 233 

 234 

We consistently observe considerable disruptions to synaptic gene expression following 235 

depletion of both chromatin and transcriptional regulators linked to ASD including in studies that 236 

focused on other ASD-linked proteins (Thudium et al. 2022). We therefore asked whether these 237 

disruptions resulted in functional changes in neuronal firing patterns. To test this, we used MEA 238 

to record spontaneous firing activity of neurons depleted for each transcriptional regulator 239 

individually (Fig. 5A, supplemental data tables 6-9). We began testing at 12 days in culture 240 

when spiking activity low but detectable and continued through 22 days in culture. During this 241 
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period, we detected no changes in covered electrodes or resistance suggesting neurons 242 

remained healthy throughout the assay (Fig. S5A-B).  243 

We found that disruption of every ASD-linked transcriptional regulator tested caused 244 

robust changes in firing patterns with decreased spike number over multiple developmental time 245 

points (Fig. 5B). Notably, while control neurons show anticipated increases in spiking with 246 

maturity, depletion of nearly every transcriptional regulator dampened or fully blocked this 247 

increase with maturation. In addition, we observed decreased bursting and burst duration for 248 

multiple transcriptional regulators (Fig. 5C-D). Even where bursting was observed, regularity of 249 

bursting was also severely disrupted (Fig. S5C). These data provide evidence that multiple 250 

transcriptional regulators linked to ASD are capable of severely disrupting neuronal firing and 251 

that the disruptions to synaptic gene expression detected via RNA-sequencing (Figs. 2, 3) 252 

result in robust functional changes. Further, we observe these effects regardless of the target 253 

examined and its specific function in regulating chromatin or transcription. These data therefore 254 

provide evidence of convergent functional effects, even with differences in target gene number 255 

and the extent of transcriptional disruptions measured. 256 
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 258 

Discussion 259 

 260 

Here, we examined the effects of multiple ASD-linked transcriptional regulators that work 261 

through distinct mechanisms in regulating DNA, chromatin, and transcriptional output. We found 262 

that despite divergent functions, they converge on similar gene sets and their loss results in a 263 

common transcriptional signature identified through multiple analyses. This signature encodes 264 

synaptic proteins suggesting similar functional outcomes of these transcriptional disruptions. 265 

Fitting with this, we found that all tested ASD-linked genes disrupt neuronal firing and bursting 266 

patterns during neuronal maturation.  267 

This work expanded upon prior findings by testing transcriptional regulators broadly 268 

rather than just focusing on single ASD-linked genes or only on proteins that directly modify 269 

chromatin. Instead, we selected proteins with highly divergent effects on chromatin and 270 

transcription. These included chromatin modifying enzymes that target different histone sites, 271 

chromatin remodelers from different complexes, a DNA modifying enzyme, a transcription 272 

factor, and a non-catalytic chromatin-complex protein. Even with this expanded group, we 273 

successfully identified both shared gene signature and common neuronal spiking and bursting 274 

patterns. This suggests that specific neuronal gene sets are particularly sensitive to multiple 275 

types of epigenetic manipulations and that disruption of these genes causes robust functional 276 

changes in neuronal firing.  277 

Both the analyses overlapping individual depletion DEGs and the limma model identified 278 

several significantly downregulated genes that may be important points of convergence in the 279 

shared roles of the modifiers in affecting neuronal functioning. Topoisomerase IIα (Top2a) was 280 

downregulated in 7 of the 9 depletions in addition to being identified in the limma model. Loss of 281 

Top2a inhibits was found to inhibit the self-renewal of human neural stem cells (Qin et al. 2022) 282 

and cause social deficits in mice and zebrafish (Geng et al. 2022). Additionally, both analyses 283 

identified numerous genes important in brain development including Insulin-like growth factor 1 284 
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and 2 (Igf1/2) and Neuronal PAS Domain Protein 1 (Npas1). Interestingly, we also observed 285 

consistent reduction in two aquaporins (Aqp4 and Aqp11) that are less well studied but also 286 

linked to social and anxiety-like behavior in animal models (Davoudi et al. 2023). Together with 287 

the overall reductions found in the expression data by GSEA and the functional results of the 288 

MEA, these findings support the convergent roles of these chromatin modifiers on neuronal 289 

biology that may contribute to neurodevelopmental disorders. WGCNA analysis similarly 290 

identified several relevant modules including those enriched for genes involved in cellular 291 

respiration and metabolism. Notably, metabolic dysfunction is also linked with ASD (Rossignol 292 

and Frye 2012a, 2012b)  and may contribute to neuronal aberrations in the disorder due to the 293 

high energy demands of neurons.  294 

While we identified numerous genes of interest, the system used here also has several 295 

limitations. The signatures we defined are likely to be somewhat specific to the developmental 296 

time selected and the model chosen. We expect that if these assays were performed at different 297 

developmental time points, we would detect different gene expression signatures that may have 298 

very distinct effects on functional outcomes. We thus view these results as primarily indicative of 299 

sensitive genes during this stage of neuronal maturation rather than an absolute list of 300 

transcriptional targets for any given gene studied here. In addition, it is likely that results will at 301 

least partly diverge from human systems such as iPSC derived neurons that may more closely 302 

match human developmental trajectories. Nonetheless, we view this system as offering unique 303 

insights that emerge from the ability to test multiple ASD risk gene in parallel in a highly 304 

controlled system with genetically identical biological replicates.  305 

Together our findings demonstrate shared gene expression signatures and functional 306 

outcomes of disruption of multiple ASD-linked transcriptional regulators. This work provides 307 

insights into underlying cellular mechanisms that link ASD-risk genes to neuronal function and 308 

highlight common pathways that are controlled by ASD-linked transcriptional regulators. 309 

 310 
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 323 

Methods 324 

 325 

Mice: 326 

All mice used were on the C57BL/6J background, housed in a 12 hour light–dark cycle, and fed 327 

a standard diet. All experiments were conducted in accordance with and approval of the IUCAC. 328 

 329 

Primary Neuronal Culture: 330 

Cortices were dissected from E16.5 C57BL/6J embryos and cultured in supplemented 331 

neurobasal medium (Neurobasal [Gibco 21103-049], B27 [Gibco 17504044], GlutaMAX [Gibco 332 

35050- 061], Pen-Strep [Gibco 15140-122]) in TC-treated 12 or 24 well plates coated with 0.05 333 

mg/mL Poly-D-lysine (Sigma-Aldrich A-003-E). At 3-4 DIV, neurons were treated with 0.5 mM 334 

AraC. For all experiments using cultured cortical neurons, neurons were treated with lentivirus 335 

containing shRNA on DIV 5. For RNA and Protein analysis cells were collected at DIV 10.   336 

 337 

Virus Generation and validation:  338 
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HEK293T cells were cultured in high-glucose DMEM growth medium (Corning 10-013-CV), 10% 339 

FBS (Sigma-Aldrich F2442-500ML), and 1% Pen-Strep (Gibco 15140-122). Calcium phosphate 340 

transfection was performed with Pax2 and VSVG packaging plasmids in serum-free media. 341 

shRNAs in a pLKO.1-puro backbone were purchased from the Sigma-Aldrich Mission shRNA 342 

library (SHCLNG) and shown in Supplemental Table 10.  Media was changed 2h after 343 

transfection and viruses were collected 24 and 48hr later. Viral media was passed through a 344 

0.45-μm filter and precipitated overnight with PEG-it solution (40% PEG-8000 [Sigma-Aldrich 345 

P2139-1KG], 1.2 M NaCl [Fisher Chemical S271-1]). Viral particles were pelleted at 1500g, 346 

washed, and resuspended in 200 μL PBS. Virus Validation was done on E16.5 WT cortical 347 

neurons.  Neurons were infected with virus on DIV 5.  Depletion efficiency was measured using 348 

RT-qPCR with shRNA targeting luciferase as a non-targeting control. 349 

 350 

Western: 351 

After DIV 10, neurons were lysed in RIPA (25 mM Tris at pH 7.6, 150 mM NaCl, 1% NP-40, 1% 352 

sodium deoxycholate, 0.1% SDS) supplemented by protease inhibitor (Roche 04693124001), 353 

phosphatase inhibitor (Roche 04906837001), 1mM DTT, 1mM PMSF. Lysates were mixed with 354 

5X Loading Buffer (5% SDS, 0.3 M Tris pH 6.8, 1.1 mM Bromophenol blue, 37.5% glycerol), 355 

boiled for 10 minutes, sonicated for 10 minutes, and cooled on ice. Protein was resolved by 4–356 

20% Tris-glycine or 3–8% Tris-acetate SDS-PAGE (invitrogen novex gels XP04205, EA03785) 357 

followed by transfer to a 0.45-μm PVDF membrane (Sigma-Aldrich IPVH00010) for 358 

immunoblotting. Membranes were blocked for 1 hour in 1-5% BSA or 5% milk in TBST and 359 

probed with primary antibody overnight at 4C. Antibodies are shown in Supplemental Table 11. 360 

 361 

RNA Isolation: 362 

Total RNA was collected from all cultures at DIV 10 using the Zymo Quick-RNA microprep kit 363 

(R1050).  364 

 365 
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RT-qPCR: 366 

250ng of RNA per sample was used to prepare cDNA using the high-capacity cDNA reverse 367 

transcription kit (Applied Biosystems 4368813), and quantitative PCR was performed with 368 

Power SYBR Green PCR master mix (Applied Biosystems 4367659). Primers are shown in 369 

Supplemental Table 12.  370 

 371 

RNA-seq Library Preparation: 372 

Sequencing libraries were prepared using the TruSeq Stranded mRNA kit (Illumina 20040534). 373 

Prior to sequencing, library size distribution was confirmed by capillary electrophoresis using an 374 

Agilent 4200 TapeStation with high sensitivity D1000 reagents (5067-5585), and libraries were 375 

quantified by qPCR using a KAPA Library Quantification Kit (Roche 07960140001). Libraries 376 

were sequenced on an Illumina NextSeq1000 instrument (100-bp read length, paired end). 377 

 378 

Data Processing and Differential Gene Expression: 379 

Reads were mapped to Mus musculus genome build mm10 with STAR(Dobin et al. 2013) 380 

(v2.7.1a) and assigned to exonic features using the featureCounts function of subRead (v2.0.3). 381 

DESeq2(Love et al. 2014) (v1.38.0) was used for pairwise differential gene expression analysis 382 

using a negative binomial model with default model fitting parameters. 6 WT replicates were 383 

used for downstream analysis for each condition. Batch effects introduced by differences in the 384 

sexes were regressed using a negative binomial model via ComBat-ref (Zhang 2024). 385 

Subsetting filters were applied to determine significant DEGs as follows: baseMean of 386 

normalized counts > 20, adjusted p value ≤ 0.05, and |fold change| ≥ 1.5 (|log2(FC)| ≥ 0.58). 387 

Integrated Genomics Viewer(Robinson et al. 2011) (v2.16.0.01) was used to visualize RNA-seq 388 

read track that were normalized to the same total read number across all samples using 389 

Samtools. Multifactor gene expression analysis was performed using limma (v3.52.4) via 390 

edgeR(Robinson et al. 2010) (v3.38.4). Normalization factors were calculated, and expression 391 
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values were transformed to logCPM using voom(Law et al. 2014b). An empirical Bayesian 392 

distribution was calculated with weighting from all 9 depletion conditions across all samples.  393 

 394 

Downstream Analysis: 395 

Hypergeometric testing of significant overlaps between gene lists was performed using the 396 

dhyper density distribution without replacement using a background size of 13713 and 397 

Bonferroni correction for multiple testing. gProfiler2(Kolberg et al. 2020) (v0.2.3) was used for 398 

gene ontology analysis with g:SCS correction of multiple testing, a background list of all genes 399 

expressed in the neuronal culture (base mean of normalized counts > 20), and a term size limit 400 

of 2000 genes. SynGO was performed using the web client(Koopmans et al. 2019) (v1.2). Gene 401 

set enrichment analysis was performed using fGSEA(Korotkevich et al. 2016) (v1.22.0). This 402 

utilized a multilevel Monte Carlo approach with default parameters. Gene lists were from 403 

REACTOME or SynGO synapse umbrella terms. ChromHMM(Ernst and Kellis 2017) analysis 404 

used validated ChIP-seq data from E12.5 mouse forebrain tissue against 500bp windows 405 

directly upstream of query genes. Transcription factor motif analysis on 5kb windows directly 406 

upstream of query genes were analyzed using sequence enrichment analysis in the MEME 407 

suite(Bailey and Grant 2021) (v5.5.7). Motifs were scanned using the JASPAR 2020 Core 408 

Vertebrates database using the windows 5kb upstream of 1000 randomly selected genes 409 

expressed in neurons. WGCNA was used to construct a signed co-expression 410 

network(Langfelder and Horvath 2008) (v1.73). Batch-corrected inputs were filtered for those 411 

with read count ≥ 10 and normalized using variance stabilizing transformation of DESeq2 with 412 

design = ~ depletion. Network construction used a soft threshold blcokSize = 20000, 413 

networkType = “Signed”, power of 20, scale free topology fit of 0.83, and minimum module size 414 

of 40. For each module, we calculated its expression (ME, module eigengene) as the first 415 

principal component of normalized expression. We used a linear model to test the effect of each 416 

depletion on module expression compared to non-targeting control. P values were corrected 417 

using Benjamini-Hochberg correction. Gene ontology for WGCNA was performed using the 418 
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enrichGO function from clusterProfiler(Yu et al. 2012) (v4.10.1) with the BP ontology database, 419 

Benjamini-Hochberg correction, p value cutoff of 0.05, and q value cutoff of 0.05. The top 15 420 

terms per analysis were selected for figures.  421 

 422 

MEA Analysis: 423 

Primary neuronal culturing was performed as described above using E16.5 embryos derived 424 

from mating of Female mice (C57BL/6N). Cerebral cortices were isolated from two pups from 425 

two separate litters and dissociated as described above, then plated in poly-D-lysine/laminin-426 

coated multielectrode array plates (M768-tMEA-48W, Axion Biosystems) using the dot plate 427 

method, at 70K cells/well. For viral infections, each well was uniquely infected with one of the 9 428 

ASD targets or non-targeting shRNA at DIV 5. Viral media was removed after 20 hr of exposure 429 

and replaced with enriched neurobasal media. After 11 days, the synaptic activity of cultured 430 

neurons was recorded daily using the Maestro MEA system (Axion Biosystems, Atlanta, GA, 431 

USA). Recordings were done 5 and 30 minutes after placing in MEA machine at 5% CO2 and at 432 

37C. Metrics were further processed using Prism with a one-way ANOVA followed by dunnet 433 

post-test and R.  434 

 435 

Data availability 436 

 437 

All sequencing data are available at GSE286067 438 

Reviewer token: opelqgcahrafpoz 439 

 440 

Figure legends 441 

 442 

Table 1: Function and association data for the nine transcriptional regulators chosen for 443 

analysis. SFARI gene score of 1 indicates high confidence for implication in autism spectrum 444 
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disorder. Evaluation of Autism Gene Link Evidence (EAGLE) score ranges from 6 (limited) to 445 

12+ (definitive) roles in autism for validated targets. 446 

 447 

Figure 1: Gene expression analysis of nine independent chromatin modifier depletions in 448 

primary mouse neurons. A. Schematic of the experimental timeline for the comparison of 449 

transcriptomes between chromatin modifier depletions. B. Counts per million (CPM) for the nine 450 

chromatin modifiers following lentivirus-mediated shRNA depletion of each target, relative to the 451 

average of nontargeting (N.T.) treated neurons (n = 6). C. Total up or downregulated 452 

differentially expressed genes (DEGs) in the pairwise comparison of each depletion versus N.T. 453 

treated neurons. Full DEG lists shown in Supplemental Table 1. D-E. Gene ontology analysis of 454 

significantly up and downregulated genes in the depletion of Tbr1 or Kdm6b (D) and Med13l (E). 455 

Recall is the proportion of functionally annotated genes in the query over the number of genes 456 

in the GO term. Precision is the number of genes found in the GO term over the total number of 457 

genes in the query. Results for other targets shown in Supplemental Table 2. F. SynGO for 458 

Med13l significantly downregulated DEGs.  G-H. GSEA of genes in the SynGO postsynaptic 459 

membrane potential (G) or synaptic adhesion (H) terms for each depletion transcriptional 460 

signature. NES indicates the directional normalized enrichment score. 461 

 462 

Figure 2: Identifying transcripts that co-dysregulated across depletions. A. Upset plot of 463 

up or downregulated DEG found in at least two depletions. Gene placement prioritizes the 464 

largest intersection possible, only showing overlaps with 3 or more DEGs. B. Significance of 465 

overlap for up or downregulated DEGs after each depletion using hypergeometric tests. C. 466 

Heatmap of DEGs that appear in 4+ (left, downregulated, right, upregulated) comparisons 467 

between depletion and N.T. control. D. Gene tracks of aligned transcripts over genes that were 468 

either upregulated (Myd88) or downregulated (Thbs1) in multiple depletions. E. Gene ontology 469 

analysis of all significantly downregulated genes found in over 2 or over 3 depletion conditions. 470 

F. Boxplots of the transcript lengths for all genes, each DEG found up or downregulated in at 471 
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least 2 pairwise depletions, or 3 pairwise depletions. T-test p values for each pairwise 472 

comparison are noted on the side. 473 

 474 

 475 

Figure 3: Multiple factor linear modeling to determine commonly disrupted transcripts 476 

across all nine depletions. A. Volcano plot of DEGs from the limma/voom model factoring all 477 

nine depletion conditions against N.T. control. B. Gene tracks of transcripts of the top 2 DEGs 478 

Tmem230 and Ankrd29. C. Relative expression of the top DEGs identified in the multi-factor 479 

model in each depletion versus the average of nontargeting (N.T.) treated neurons. D. Overlap 480 

of genes down or upregulated in at least 2 (i) or 3 (ii) pairwise comparisons and those from the 481 

multi-factor model. Hypergeometric test results for each overlap as shown in red. E. Cross-482 

correlation plots comparing the overall expression profiles of each depletion against N.T. control. 483 

Heatmap number and colors indicate correlation coefficient. Topography plots show the 484 

distribution of expression changes for all genes between any two depletions within their relative 485 

contribution to the model. F. Gene ontology analysis of significantly upregulated and 486 

downregulated DEGs. 487 

 488 

Figure 4: Shared and unique gene modules between ASD linked genes. A. WGCNA 489 

modules identified after the co-expression network construction. Numbers are the Benjamini-490 

Hochberg corrected p values for each depletion on module expression compared to the non-491 

targeting control with a linear model. B-D. Gene ontology analysis of shared modules. Counts 492 

indicates the number of genes in the GO term. 493 

 494 

Figure 5: Changes in spontaneous firing activity due to transcriptional regulator 495 

depletion. A. Experimental timeline and schematic for the culturing and measurements of 496 

primary neurons using the multielectrode array (MEA). The recording diagram illustrates the 497 

different metrics collected by the MEA instrument. B. Weighted firing rate of each condition 498 
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based only on electrodes with activity greater than the minimum spike rate from day in vitro 499 

(DIV) 12 to 22. C. Evoked metrics for each condition at DIV 18. Significance based on one-way 500 

ANOVA followed by dunnet post-test. *** ≤ 0.001, ** ≤ 0.01, * ≤ 0.05, NS = not significant. D. 501 

Example spiking patterns over the 5 minute (300 second) recording period. Two well replicates 502 

are shown for each condition. 503 

 504 

Supplemental Figure 1: Validation of depletions. A. Relative transcript expression level of 505 

each chromatin modifier following depletion versus non-targeting control virus (N.T.) treated 506 

neurons as measured by RT-qPCR. B. Western blots showing protein level of four of the 507 

chromatin modifiers in control-treated and shRNA-treated neurons. C. Principal component 508 

analysis of the pairwise comparison between neurons with no virus (N.V.) and and those treated 509 

with N.T. control (n = 6, 3 female and 3 male for each condition). D. Volcano plot of differential 510 

gene expression between no N.V. and N.T. neurons. E. Scatterplot of the number of DEGs 511 

identified in the comparison between a depletion of a modifier and control against the average 512 

expression of that modifier following depletion. F. Scatterplot of the number of DEGs identified in 513 

the comparison between a depletion of a modifier and control against the counts per million 514 

(CPM) normalized expression of that modifier. 515 

 516 

Supplemental Figure 2: Differential gene expression overlaps and genomic features. A. 517 

Overlap of significantly up (red) or down (blue) regulated genes in each of the individual modifier 518 

depletions against the SFARI database for autism-associated genes with at least one report 519 

(1141 genes). B. ChromHMM analysis of promoters (500bp upstream of transcription start sites, 520 

TSS) of significantly up or downregulated genes found in at least one depletion, over two, or 521 

over three.  522 

 523 

Supplemental Figure 3: Multi-factor limma model overlaps and genomic features. A. 524 

Overlap of significantly up (red) or down (blue) regulated genes in the multi-factor limma model 525 
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against the SFARI database for autism-associated genes with at least one report (1141 genes). 526 

Hypergeometric test results for each overlap are shown in red. B. Boxplots of the transcript 527 

lengths from the multi-factor limma model. T-test p values for each pairwise comparison are 528 

noted on the side.  529 

 530 

Supplemental Figure 4: WGCNA analysis module gene ontology. A. Cluster dendrogram of 531 

the classification of genes to each model. B-C. Gene ontology analysis of additional top shared 532 

modules. Note that the Grey module expression explains less than 10% of the module so was 533 

not analyzed by GO while other modules expression explain > ~50% of module variation. 534 

 535 

Supplemental Figure 5: Multi-electrode array control metrics. A. Number of covered 536 

electrodes per well per condition as defined by those with resistance greater than the threshold 537 

of 18 kΩ. B. Average resistance in each well across conditions from day in vitro (DIV) 12 to 22. 538 

C. Synchrony measures for each well of each condition at DIV 18 as defined the inter-electrode 539 

cross correlation across all spikes.  540 

 541 

Supplemental Data Table 1. Differential gene expression by depletion. 542 

Supplemental Data Table 2. Gene ontology results by depletion. 543 

Supplemental Data Table 3. Overlap of DEGs. 544 

Supplemental Data Table 4. Limma voom analysis of depletions. 545 

Supplemental Data Table 5. WGCNA modules. 546 

Supplemental Data Table 6. MEA resistances. 547 

Supplemental Data Table 7. MEA mean firing rates. 548 

Supplemental Data Table 8. MEA weighted mean firing rates. 549 

Supplemental Data Table 9. MEA bursting. 550 

Supplemental Data Table 10. shRNA oligo sequences. 551 

Supplemental Data Table 11. Antibodies and dilutions used. 552 
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Supplemental Data Table 12. Primer sequences. 553 

 554 
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