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SUMMARY
The molecular composition of the excitatory synapse is incompletely defined due to its dynamic nature
across developmental stages and neuronal populations. To address this gap, we apply proteomic mass
spectrometry to characterize the synapse in multiple biological models, including the fetal human brain
and human induced pluripotent stem cell (hiPSC)-derived neurons. To prioritize the identified proteins, we
develop an orthogonal multi-omic screen of genomic, transcriptomic, interactomic, and structural data.
This data-driven framework identifies proteins with key molecular features intrinsic to the synapse, including
characteristic patterns of biophysical interactions and cross-tissue expression. Themulti-omic analysis cap-
tures synaptic proteins across developmental stages and experimental systems, including 493 synaptic
candidates supported by proteomics. We further investigate three such proteins that are associated with
neurodevelopmental disorders—Cullin 3 (CUL3), DEAD-box helicase 3 X-linked (DDX3X), and Y-box binding
protein-1 (YBX1)—by mapping their networks of physically interacting synapse proteins or transcripts. Our
study demonstrates the potential of an integrated multi-omic approach to more comprehensively resolve
the synaptic architecture.
INTRODUCTION

As the site of communication between neurons, the synapse is a

key building block of neural circuitry in the brain. It is also central
Cell Systems 16, 101204,
This is an open access article under the
to disease pathogenesis, as numerous psychiatric diseases,

including autism spectrum disorder (ASD), schizophrenia, and

epilepsy, are closely associated with synapse dysfunction.1–4

Synapses come in distinct types, such as chemical synapses,
April 16, 2025 ª 2025 The Authors. Published by Elsevier Inc. 1
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Figure 1. Synapse proteomic screens acr-

oss diverse biological models

Experimental pipeline for human and mouse syn-

apse proteomics. Human in vitromodel: hiPS cells

were induced into neurons through NGN2 over-

expression. Human in vivo model: cortical tissue

was dissected from the human fetal brain at the

end of the second trimester. From the adult mouse

brain, the cortex and the striatum were dissected.

These tissues were homogenized and biochemi-

cally enriched for PSD. Enriched PSD fractions

were subsequently processed and analyzed

using liquid chromatography-mass spectrometry

(LC-MS).
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which shuttle excitatory and/or inhibitory neurotransmitters from

one cell to another, and gap junctions, which allow for direct con-

duction of electrical impulses. Each type is created from the

combination of diverse assemblies of molecules, including re-

ceptors, signaling enzymes, and master scaffolding proteins.

Discoveries and characterizations of proteins at the chemical

excitatory synapse, such as the MAGUK protein scaffolds,

AMPA/NMDA receptors, and calcium-sensitive vesicle-associ-

ated regulators, have laid the foundation for our modern under-

standing of synaptic transmission.5–16 Quantitative synapse

proteomics screens as well as computational modeling of syn-

aptic function in rodent brain samples havemademarked strides

toward achieving a systematic understanding of the synaptic

protein network.13,17–24 In humans, parallel studies have been

predominantly carried out in adult post-mortem brains, with

recent investigations beginning to delve into the developing hu-

man synapse.25

Due to differences in experimental approaches, diversity of

synapses, and technical noise, the sets of proteins identified at

the synapse have shown substantial variation across studies.

Such differences have motivated major organized efforts by

the research community to create unified expert-curated syn-

apse databases, including SynaptomeDB, SynSysNet, Gene

Ontology, and, most recently, SynGO.26–29 Remaining chal-

lenges include how to discover high-confidence synaptic pro-

teins in previously under-investigated tissue types and develop-

mental stages, how to capture poorly studied proteins without

sacrificing specificity,30 how to identify the distinct molecular

patterns of synapse proteins across studies, and how to sustain-

ably incorporate the wealth of new datasets that are emerging in

ever greater numbers, particularly from omics pipelines.31–40

Motivated by these challenges and opportunities, we em-

barked on a principled, systematic effort to create a more

comprehensive map of the excitatory glutamatergic synapse.

This effort included four diverse proteomic characterizations,

focusing on relatively under-investigated synaptic contexts not

as well investigated in previous studies, such as the fetal human

synapse and human induced pluripotent stem cell (hiPSC)-

derived neurons. We then evaluated the identified protein candi-

dates against a large panel of multi-omics data, which we found

harbors a diagnostic pattern of sequence, expression, and phys-

ical interaction features indicative of the excitatory synapse. As
2 Cell Systems 16, 101204, April 16, 2025
we now describe, this integrated proteomic/multi-omic pipeline

identified and corroborated hundreds of synapse proteins and

candidates across tissues, providing a foundation for systemat-

ically resolving diverse synapse structures and functions.

RESULTS

Human fetal and hiPSC-derived neuron proteomic
screens identify synapse candidates
To experimentally investigate synaptic proteins across diverse

biological models, we used tandem mass spectrometry to char-

acterize the synapse composition in the excitatory glutamatergic

synapse in four complementary in vitro and in vivo contexts (Fig-

ure 1). We performed synapse proteomic screens using samples

prepared from the adult mouse cortex and striatum. Both of

these brain regions have been associated with ASD16,41 and

shown to be affected by mutation of synapse-associated genes

in ASD, such as Shank3 and Dlgap3.16,42–44 We selectively en-

riched postsynaptic density (PSD) fractions prior to mass spec-

trometry as previously described.16,45,46 We hypothesized that

fractionating the synaptosome could introduce numerous false

positives when coupled with sensitive proteomic analysis; there-

fore, focusing on the PSD should reduce the number of false

positives by yielding fewer proteins than the entire synaptosome

fraction. This conservative approach to fractionation might

reduce the abundance of some synaptic molecules, but it en-

hances sensitivity and minimizes contamination from non-syn-

aptic proteins. Through this conservative analysis, we identified

peptides that can be mapped to 2,613 genes in the cortex

(Table S1) and 1,397 genes in the striatum (Table S2). Approxi-

mately 1,200 mouse synapse proteins were identified in both

screens, the vast majority of which had also been reported in

previous proteomics screens of the adult mouse synapse18,47–55

(94%, Figure 2A). This analysis demonstrated that our pipeline

can capture synapse proteins consistent with previous studies.

Due to the association of synaptic proteins with neurodevelop-

mental disorders, including ASD,2,17,58,59 we investigated two

experimental systems that capture the early human synapse:

the human fetal cortex and cultured hiPSC-derived neurons (Fig-

ure 1).60–63 Others have shown that hiPSC-derived neurons res-

emble the fetal human brain in molecular composition.62,64–67 In

our own hands, using established protocols,65–67 we found that
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(A) Venn diagram showing the overlap of the

mouse striatum and cortex synapse proteomic

screens with previous mouse adult proteomic

studies (Abul-Husn et al., 2009; Bayés et al., 2012;

Bayés et al., 2017; Biesemann et al., 2014; Li et al.,

2016; Collins et al., 2006; Filiou et al., 2010;

Moczulska et al., 2014; Pandya et al., 2017; and

Roy et al., 201818,47–55).

(B) Venn diagram showing the overlap of the

synapse proteomics screens from the human fetal

brain, hiPSC-derived neurons, and adult human

tissues. The previous studies on adult human tis-

sues include datasets from Bayés et al. (2011),

Bayés et al. (2012), Chang et al. (2015), and Roy

et al. (2018).13,48,55,56 Arrows highlight sets of

proteins specific to early and mature synapses.

(C) Pathway enrichment57 analysis for early human

synaptic proteins and mature human synaptic

proteins. The color of the bars indicates the false

discovery rate for each enrichment. Color scales

indicate statistical significance (FDR, log10 scale)

with darker shades representing higher signif-

icance.
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consistent with previous studies, these hiPSC-derived neurons

at 3 weeks in culture indeed show morphology and neuronal ac-

tivity that are indicative of the early stage nature of these neu-

rons. For example, when comparing the field population spike

between 3- versus 8-week-old hiPSC-derived neurons, we

found that the 3-week hiPSC-derived neurons showed signifi-

cantly less electrical activity than their 8-week-old counterparts

(Figures S1A–S1C). In addition, they also showed a significantly

reduced ratio of mushroom versus filopodia spines compared

with at 8 weeks (Figures S1D and S1E). These measurements

are consistent with the less mature state of their synapses.

Furthermore, we also found that using these established proto-

cols, we were able to obtain relatively pure glutamatergic neuron

populations (Figure S2), which is consistent with previous

studies.68,69 We confirmed the healthy karyotypes of these cells

and the presence of classic synaptic proteins in the PSD fraction

(Figure S3). We used mass spectrometry to more comprehen-

sively analyze the synaptic protein composition in these

3-week-old hiPSC-derived neurons.

For both types of human samples, including fetal human brain

and hiPSC-derived neurons, we again selectively enriched PSD

fractions prior to mass spectrometry. Through this analysis, we

identified peptides that could be mapped to 1,226 genes in the

human fetal brain samples from two individuals (Tables S3 and

S4) and 2,997 genes in the hiPSC-derived neuron samples

from two additional individuals (Tables S5 and S6). Of the

approximately 1,000 proteins identified across all four human

synapse screens, we also found a substantial number (381,

36%) that appeared to be specific to the early synapse models,

as they were not recurrently identified in a set of synapse prote-

omics data that had been previously collected by other studies in

the adult human brain13,48,55,56 (Figure 2B). To further dissect the
functional composition of the human synapse candidate mole-

cules, we compared and contrasted the pathway enrichments

of the proteins between the early human synapse andmature hu-

man synapse. The 381 candidate proteins identified in the early

human synapse models showed significant functional enrich-

ments for the proteasome and spliceosome along with mRNA

surveillance and nucleocytoplasmic transport functions (Fig-

ure 2C). While the core components of the synaptic protein

network, such as SYNGAP1, NRXN1, and SHANK2, are present

in the early human synapse (Tables S3, S4, S5, and S6), enrich-

ment for synapse-related components and processes was

notably absent. This is consistent withmany of the identified pro-

teins being synapse candidates not previously annotated as

such by the Gene Ontology or in synapse-specific databases

like SynGO. By contrast, the proteins found in the mature

(adult-only) human synapse screens enriched for expected syn-

apse annotations, including long-term potentiation, glutamater-

gic synapse, phosphatidylinositol signaling, and retrograde en-

docannabinoid signaling (Figure 2C). The enrichments from the

mature synapse proteomics did not include the RNA and protea-

some-related functions associated with the early synapse. This

significant divergence in functional enrichments across the early

and mature human synapse indicated that the synaptic prote-

ome undergoes substantial remodeling during development.

Our findings suggest that proteasomal and RNA processing fac-

tors are particularly critical during early development, perhaps

due to their key roles in regulating and fine-tuning protein

expression in the local translatome, which then impacts down-

stream signaling pathways in neurite growth, migration, and

survival.

Also notably, of the 1,049 proteins commonly identified across

all four screens, 668 proteins were consistent between the early
Cell Systems 16, 101204, April 16, 2025 3
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(A) Pairwise molecular features used for model
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(B)Multi-omicmachine-learning workflow. For any

query protein, its molecular properties are

compared with those of known synapse proteins.

From these comparisons for each protein pair, a

synapse similarity score is calculated.

(C) Synapse similarity scores predicted by the

multi-omics machine-learning model are evalu-

ated against known synapse proteins (red curve;
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and specificity of the model predictions in MO-

1200 are compared with those of non-synapse

protein sets, including Golgi apparatus proteins,

nuclear proteins, transmembrane proteins, and
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nts). Red point represents the model correspo-

nding to the Multi-Omics 1200 database.

ll
OPEN ACCESS Article

Please cite this article in press as: Mei et al., Integrated multi-omic characterizations of the synapse reveal RNA processing factors and ubiquitin ligases
associated with neurodevelopmental disorders, Cell Systems (2025), https://doi.org/10.1016/j.cels.2025.101204
andmature stages of the human synapse, indicating their persis-

tent presence throughout development (Figure 2B). Comparing

these persistently expressed proteins to those found in mouse

samples revealed a high degree of conservation, with nearly all

(except for seven proteins) also present in the mouse synapse

(Figure S4A). Pathway enrichment analyses indicated that these

conserved proteins are involved in fundamental cellular pro-

cesses vital to synaptic function, such as vesicle-mediated

transport, peptide biosynthetic process, and membrane organi-

zation (Figure S4B). These results suggest that these stable syn-

apse proteins may be conserved across development and

species.

A synaptic signature in multi-omics data
Numerous large-scale studies have been conducted over the

past two decades to investigate the synapse proteome in adult

mammalian brain tissues, which have served as the foundation

for our knowledge of synaptic architecture. We collated the re-

sults from 31 of these datasets,13,18,47–49,51–56,70,71 observing
4 Cell Systems 16, 101204, April 16, 2025
that simple accumulation of the results

thus far identifies 10,947 distinct proteins

at the synapse—representing greater

than half of the gene products encoded

by the human genome (Figures S5A and

S5B). More than 4,000 of these proteins

have been identified by individual data-

sets only, without further evidence in pre-

vious or subsequent reports (Figure S5C).

These observations motivated a need for

additional filteringmechanisms to identify

higher-confidence hits from proteomic

screens.

To prioritize the identified proteins us-

ing an orthogonal large-scale approach,

we looked beyond synapse proteomics

to the plethora of other omics datasets

in the public domain of potential rele-
vance to synapse structure or function.We asked if synapse pro-

teins show distinct molecular patterns across multi-omics data,

comprising a synaptic signature, and if this signature can be

used to systematically map proteins at the synapse. To this

end, we limited our searchable pool to only proteins expressed

in the human brain with a full panel of multi-omic characteriza-

tions (STAR Methods), and we compared each of these proteins

with known synapse proteins through a multi-omics panel of

pairwise molecular features. The features were drawn from

four broad categories of molecular evidence, including genomic

sequence, protein composition, spatiotemporal expression, and

biophysical protein interactions (Figure 3A, STAR Methods). To

identify high-confidence hits, we trained a random forest ma-

chine-learning model (Figure 3B, STAR Methods) to evaluate

proteins based on the quantitative similarity of their multi-omics

features to those of well-established synapse factors curated in

the SynGO_CC (cellular component) database as published in

2019. We termed the resulting protein score the ‘‘synapse

similarity score’’ and designated proteins with a high score as
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high-priority synapse candidates. The multi-omics model was

trained and evaluated using a rigorous 48/12/40 cross-validation

procedure, with 48% of SynGO_CC proteins used for training,

12% for validation, and 40% for testing (STAR Methods).

Cross-validation insulates the evaluation of a model from feature

selection, optimization, and parameter tuning, yielding conser-

vative assessments of model performance and guarding against

overfitting.72 Following this procedure, we examined themodel’s

predictive power in recovering held-out sets of known synapse

proteins. We found that the model achieved high predictive po-

wer in recovering the held-out SynGO_CC proteins in the test

set, with an area under receiver operating characteristic curve

(AUC) of 0.82, and generalized well to proteins documented in

two other reference synapse databases, SynSysNet (AUC =

0.79) and SynDB (AUC = 0.78, Figure S6A). It performed espe-

cially well for held-out consensus proteins across all three of

the synapse databases (AUC = 0.9; Figure 3C). We also exam-

ined the performance of the multi-omics model in recovering

various negative control protein sets, including conserved

housekeeping proteins,73 nuclear proteins,74 Golgi apparatus

proteins,27 and transmembrane proteins.75 Recovery dropped

significantly for these other protein lists (Figure S6B), supporting

that the model’s predictions are specific to molecules at the

synapse.

To determine the set of high-priority candidates, we set the

synapse similarity score threshold of the multi-omics model to

roughly maximize the sensitivity/(1 � specificity) ratio, resulting

in 78% sensitivity and 89% specificity. This selection yielded a

set of 1,233 machine-learning predicted proteins, which we

termed the Multi-Omics 1200 (MO-1200). This includes the pro-

teins predicted beyond the original SynGO_CC training proteins.

To determine if the model performance depended on a specific

training and test split, we iterated the model with 50 additional

random training and test selections. The results showed that

the performance was similar across all iterations (Figure S6C).

Because the multi-omics model distinguished synapse pro-

teins from other proteins expressed in the human brain (Fig-

ure 3C), it followed that certain biological properties must distin-

guish this class of proteins. We thus analyzed the random forest

model to identifywhichmulti-omic featureswere themost predic-

tive of synapse proteins, allowing us to create a ranking of feature

importance across functional categories (Figure S7; STAR

Methods). Themost predictive feature was protein network prox-

imity—the random walk distance between protein pairs in the

protein-protein interaction network (Figure S7A). Corroborating

this finding, we noted that synapse proteins have significantly

higher numbers of protein interaction partners (or degrees; p <

0.0001; Figure S7B) and shorter path lengths to each other

compared with brain-expressed background proteins (p <

0.0001; Figure S7C). We also found that the protein proximity

feature alone is able to recover synapse proteins and that this

predictive strength stems from specific protein-protein interac-

tions rather than network topology alone (Figure S8). Other highly

predictive multi-omic features included expression patterns

across a wide panel of adult tissue types (p < 0.0001; Figure S7D)

and gene length (p < 0.0001; Figure S7E). Collectively, these re-

sults indicate that a data-driven, multi-omics approach is able

to recognize the distinct patterns of interaction, expression, and

genetic structure that are shared by synapse proteins.
Multi-omic integration increases specificity of synapse
proteomics
We next used the orthogonal multi-omics screen to prioritize

synapse candidates from the proteomics screens we conducted

in the human fetal brain, hiPSC-derived neurons, mouse cortex,

and mouse striatum. We found that all four proteomics screens

enriched substantially and significantly for theMO-1200 proteins

identified by the independent multi-omics analysis (Figure 4A;

Figure S9; enrichments ranging from approximately 3- to

6-fold, p < 0.001 all screens). Furthermore, each of the 31 exist-

ing adult synapse screens we surveyed also enriched for the

MO-1200 candidates, including those conducted in the presy-

napse, postsynaptic proteome, PSD, synaptic vesicle, and syn-

aptic membrane (Figure 4A). To avoid potential bias, we

excluded the SynGO_CC training proteins from all enrichment

analyses, thereby focusing our evaluation solely on the accuracy

of the predictions.

We also assessed the enrichment of the synapse proteomic

screens for the sets of proteins that have been associated with

various synaptic and non-synaptic diseases, before and after

integration with MO-1200. After integration, the fold enrichment

was increased substantially for diseases linked with defects in

synaptic function, such as ASD,3,76,77 epilepsy,78 schizo-

phrenia,79 intellectual disability,80 and Alzheimer’s disease.81

By contrast, for diseases with no known synaptic component,

such as neuroblastoma, multiple sclerosis, height, Crohn’s dis-

ease, congenital heart disease, and nasopharyngeal carci-

noma,81 there was no enrichment before or after integration (Fig-

ure 4B). These analyses showed that the multi-omic screen, by

identifying a synaptic signature, is able to capture proteins

across synaptic compartments, tissue types, developmental

stages, and synapse-associated diseases.

Thus, after demonstrating the ability of the multi-omic screen

to capture synaptic proteins in an orthogonal approach, we

used these results to prioritize the high-confidence hits from pro-

teomic screens. Accordingly, we created a complete non-redun-

dant list of proteins identified in our and previous synapse prote-

omics screens, then intersected this list with the MO-1200

candidates. Because we aimed tomaximize specificity andmini-

mize false discoveries, we chose stringent thresholds for the

multi-omic predictions as mentioned above. This integration

step resulted in a set of 1,025 omics-validated high-confidence

synapse proteins beyond the training proteins, which we call

Synaptic Signatures 1000 (SynSig-1000; Figure 5A). Notably, us-

ing these stringent criteria, we found that the number of support-

ing proteomics screenswas significantly and substantially higher

for SynSig-1000 proteins than for the entire cumulative set of

proteins identified by synapse proteomics studies (Figure 5B, p

< 0.0001 by Student’s t test, median of 11 versus 2 supporting

screens). These results suggested that the integration of syn-

apse proteomics screens with multi-omic filtering can increase

the specificity of synapse protein identification. Interestingly,

we found that even though this integration removed many irre-

producible proteins, it was still able to capture synaptic proteins

in relatively understudied biological models such as the human

fetal brain and hiPSC-derived neurons (Table S7) due to the

presence of the synaptic signature across tissues. The full list

of MO-1200, SynSig-1000, and the presence of each protein

within each proteomic study is compiled in Table S7.
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After MO-1200 Prioritization

Figure 4. Integration of proteomics and

multi-omics screens identifies diverse syn-

apse proteins

(A) Graph shows significant enrichment of ML-

1200 (linear scale) across our synaptic screens

and 31 large-scale previous datasets. The color of

each bar indicates the synaptic compartment

focused on by each dataset (***p < 0.001 all

screens; hypergeometric test with Benjamini-

Hochberg multiple comparison correction). All

analyses exclude training genes to avoid bias.

(B) The two heatmaps show the fold enrichment of

human synapse proteomic datasets for a panel of

disease gene sets. Color scale indicates fold

enrichment (linear scale, ranging from 0 to 6),

where darker blue represents higher fold enrich-

ment and pale yellow represents low/no enrich-

ment. Analysis was completed using hypergeo-

metric test. The top heatmap shows the disease

enrichment using proteomic results before any

prioritization. The bottom heatmap shows the

disease enrichment after prioritizing each proteo-

mic dataset using MO-1200. All analyses exclude

training genes to avoid bias.
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SynSig-1000 included 532 known synapse proteins and 493

new candidates not documented in previous peer-reviewed li-

terature-curated databases, including SynGO_CC (release

20180731), SynaptomeDB (v.2020), or SynSysNet (v.2020). As

with these databases, the SynSig-1000 candidates covered

diverse molecular functions such as receptors/channels,

vesicle-associated proteins, and scaffolds (Figure 5C). The rela-

tive gains in synapse protein identifications were highest for

functions related to nucleic-acid binding, protein translation,

and proteasome/ubiquitin, which include many RNA-binding

proteins and ubiquitin ligases. The substantial expansions in

these molecular categories were consistent with the enrichment

we observed for the proteasome, spliceosome, and mRNA sur-

veillance pathway in our earlier analysis of the proteomics data

from the early human synapse (Figure 2C). Moreover, the persis-

tent broad representation of diverse synapse functions sug-

gested that use of the multi-omics signature to prioritize prote-
6 Cell Systems 16, 101204, April 16, 2025
omics results had not sacrificed

coverage of the resulting dataset.

YBX1, an RNA-binding protein,
localizes to the synapse and binds
synaptic transcripts
We next sought to further study three

prioritized SynSig-1000 candidates that

showed preferential expression in the

early human fetal brain (Figure S10) and

are linked to neurodevelopmental disor-

ders with unclear mechanisms. One of

the SynSig-1000 candidates found in all

four of our synapse proteomic screens

was Y-box binding protein-1 (YBX1, also

known as YB-1), a multifunctional nu-

cleic-acid binding protein that has been

reported to regulate transcription, transla-
tion, and pre-mRNA splicing.82 Although YBX1 had been associ-

ated with brain development,83,84 it had been studied predomi-

nantly in cancer due to its elevated expression in many tumor

types.85 It was not mapped to the synapse in the peer-reviewed

SynGO_CC 20180731 release and was not part of our training

genes. To investigate this predicted synapse protein, we used im-

munostaining and high-resolution microscopy to localize YBX1

within primary cultures of rat hippocampal neurons. We found

that YBX1 has a punctal staining pattern along dendritic seg-

ments, and co-staining showed that YBX1 and DLG4 co-localize

along neuronal projections (Figure 6A; Figure S11A). In addition to

the proteomic results and multi-omic predictions, these results

provided orthogonal evidence that YBX1 is part of the PSD.

Because YBX1 is an RNA-binding protein, we used enhanced

UV cross-linking and immunoprecipitation (eCLIP) followed by

deep sequencing90 to discover the RNA targets of YBX1 in

hiPSC-derived neurons (Figure 6B; STAR Methods; Table S8).



A C

B

Figure 5. SynSig-1000 identifies experi-

mentally reproducible proteins across

diverse functions

(A) Venn diagram showing overlap between all

proteins identified in experimental synaptic

screens and the filtered set MO-1200. The inter-

section of 1,025 high-confidence synaptic pro-

teins is called SynSig-1000.

(B) Distribution of the number of supporting

experimental datasets for proteins in unprioritized

synapse proteomics (n = 9,630) versus prioritized

SynSig-1000 (n = 1,025). ***p < 0.001, two-tailed

Student’s t test.

(C) Grouped bar graph shows the molecular

function of SynSig-1000 proteins, broken down

into both known and candidate synapse proteins.

Within each group, the proteins are further cate-

gorized according to their molecular function.

Known synapse proteins are shown in gray, and

new synapse protein candidates are shown

in green.
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Two replicates of immunoprecipitation (IP) and two replicates of

size-matched input (IN) samples were processed and sequ-

enced to �30 million reads on average. We obtained �25,000

binding sites discovered by the CLIPPer algorithm,91 satisfying

ENCODE statistical thresholds of adjusted p < 0.001, 8-fold

higher than input.92 We found that YBX1 binds predominantly

to the coding sequence (CDS) and 30 untranslated regions

(UTRs) of 7,768 protein-coding genes (Figure 6C), consistent

with its reported role in translational regulation.93 The most

significantly enriched binding motif was AUCAUC (p < 0.0001),

present in 58.2% of the targets (Figure S12A), consistent with

previous reports of a UYAUCmotif for YBX1.94,95 The most high-

ly significant RNA interactors enriched for genes annotated to

the PSD and other synapse-related locations compared with

the background of genes expressed in the hiPSC-derived neu-

rons (Figure 6D). The high-confidence RNA targets also enriched

significantly for genes annotated to the synapse in databases

including SynGO, SynSysNet, and SynDB, as well as our MO-

1200 resource and synapse proteomic screens (Figures S12B

and S12C). An example YBX1 binding target is CNIH2, which en-

codes cornichon family AMPA receptor auxiliary protein 2—a

protein with known synaptic localization.96 Irreproducible

discovery rate analysis (IDR)90 showed significantly enriched

binding peaks of YBX1 across multiple CNIH2 exons compared

with the IN controls (IN; Figure 6E). Finally, analysis of YBX1

binding targets showed significant enrichment for autism risk

factors across multiple studies and risk factor databases,

including the binding targets of autism risk genes CHD8 and

FMR13,4,76,77,87–89 (Figure 6F). Collectively, the co-localization
Ce
images and protein-RNA interaction ma-

pping further elucidate the potential role

of YBX1 at the PSD.

DDX3X is an RNA helicase at the
excitatory synapse
Another candidate synapse protein from

our integrated pipeline was DEAD-box

helicase 3 X-linked, or DDX3X. It is an
ATP-dependent helicase that has been found to regulate RNA

splicing, export, and translation in non-neuronal contexts.97

While mutations in DDX3X have been associated with neu-

rodevelopmental disorders including ASD and intellectual

disability,98,99 its localization to the synapse and interactions

with synaptic molecules have not been extensively studied. It

was not found in SynGO_CC release 20180731 and was not

part of our training genes. Like YBX1, DDX3X was found in all

our proteomic results from the fetal human, hiPSC-derived neu-

rons, mouse cortex, and mouse striatum (Tables S1, S2, S3, S4,

S5, and S6). To further validate the presence of DDX3X at the

synapse using orthogonal approaches, we used targeted west-

ern blotting in biochemically enriched synaptosome (SPM) frac-

tions in mouse brains and found abundant DDX3X expression

(Figure S13).

To determine whether and how DDX3X interacts with other

synaptic proteins, we mapped the DDX3X interactome in the

endogenous mouse brain tissue using affinity-purification mass

spectrometry (AP-MS; Figure S14A; STARMethods). This exper-

iment identified 25 interaction partners (Table S9) that were

significantly enriched for canonical synapse proteins in SynGO,

including CAMK2A, CYFIP2, DLG1, and DLG2. The interaction

partners were also enriched for ASD risk factors such as

CSNK2A13,100 and STXBP13,76,101 (Figures S14B and S15A),

indicating that DDX3X mutations may act in signaling pathways

dysregulated in ASD. Next, we used immunostaining in primary

rat hippocampal neurons and found that DDX3X has a subcellu-

lar spatial localization pattern similar to that of known synapse

markers. In particular, high-resolution confocal imaging showed
ll Systems 16, 101204, April 16, 2025 7
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Figure 6. YBX1 binds synapse and ASD-associated transcripts

(A) Representative confocal images of YBX1 in primary rat hippocampal neurons showing co-localization of synapse candidate protein YBX1 and known synapse

marker DLG4. Top row: YBX1 (green), DLG4 (red), and MAP2 (blue) staining across the neuron. Scale bar, 10 mm. Bottom row: magnified images. Magnified

(legend continued on next page)
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that, along neuronal projections, DDX3X co-localizes with syn-

apse marker DLG4 (Figures S11B and S14C), demonstrating

its presence within dendritic spines. We also sought to investi-

gate the expression pattern of DDX3X within human neurons

due to its presence in our human fetal and iPSC-derived synapse

proteomics and because recent reports had associated DDX3X

mutations with human neurodevelopmental disorders.102,103 Us-

ing hiPSC-derived neurons, we again immunostained for DDX3X

and found that it co-localizedwith Synaptophysin along dendritic

segments (Figure S16A). These results showed that DDX3X lo-

calizes to the synapse and that such localization is conserved

across rodents and humans.

To determine the RNA targets of DDX3X, we again performed

an eCLIP experiment in hiPSC-derived neurons. Approximately

30 million reads on average were obtained from two replicates

of IP and IN samples. We found that DDX3X interacts with

RNAs from 8,377 genes through a total of �65,000 binding sites

in (adjusted p < 0.001, 8-fold higher than input; Table S10). These

experiments indicated that DDX3X binds predominantly to CDS

regions and 50 UTRs (Figure S14D). We identified multiple statis-

tically significant binding motifs, the top being the Kozak transla-

tional initiation sequence CCAUGG (p = 10�84), consistent with

DDX3X’s previously reported role in translational control103,104

(Figure S16B). The most significant RNA-binding targets en-

riched for genes associated with the PSD in both literature-

curated databases and our experimental synapse screens

(Figures S14E, S14F, and S16C; STAR Methods). An example

RNA target is CACNG4, which encodes calcium voltage-gated

channel auxiliary subunit gamma 4 at the synapse.105–107 We

confirmed this target via IDR analysis, which showed signifi-

cantly enriched binding peaks across CACNG4 exons in the

DDX3X pull-down conditions compared with IN controls (Fig-

ure S14G). Furthermore, analyses of both the AP-MS protein in-

teractors and eCLIP RNA-binding targets showed significant

enrichment for autism risk factors,3,4,76,77,87–89 suggesting that

DDX3X plays a role in multiple disease pathways through various

molecular interactions (Figures S14B, S15B, and S16D). Collec-

tively, our AP-MS, microscopy, and eCLIP results consistently

indicated that DDX3X is a part of the synaptic cellular compart-

ment and interacts with many known synaptic molecules.

CUL3 interacts with ASD risk factors at the synapse
As a third exploration of synapse proteins identified by the

SynSig-1000 resource, we investigated Cullin 3 (CUL3), an E3

ubiquitin ligase and known genome-wide significant risk factor

for ASD.76 We had previously demonstrated that CUL3 haploin-

sufficiency leads to autism-like phenotypes and neuronal cyto-

skeleton dysfunction in animal models.108,109 It is not a member

of the cellular components of SynGO and was not part of our
regions focus on a single dendritic segment indicated by white box in the top row

YBX1 and DLG4 co-localization. Magnified regions focus on a single dendritic se

(B) Experimental workflow of the eCLIP assay.

(C) Pie chart showing distribution of YBX1 binding sites on detected RNA specie

(D) GO cellular component enrichment86 of the most significant RNA species (ap

(E) RNA-sequencing read density tracks along CNIH2 for both experimental dupl

Bottom tracks in blue indicate the two isoforms of the CNIH2 gene, with the taller

(F) Fold enrichment of the top YBX1-bound RNAs (approximately 500) for a

studies3,4,76,77,87–89 (***p < 0.0001; hypergeometric test with Benjamini-Hochber
training genes. Whether CUL3 physically localizes to the syn-

apse and is part of the synaptic protein network remains unclear.

We found evidence that CUL3 is part of the synaptic subcellu-

lar compartment in our synapse proteomics screens in adult

mouse striatum, adult mouse cortex, and hiPSC-derived neu-

rons (Tables S1, S2, S5, and S6). To further investigate the

spatial localization of CUL3 in the synapse, we used immunoflu-

orescence staining in primary rat hippocampal cultures, finding

that CUL3 is abundant along neuronal projections, with partial

co-localization with synaptic marker DLG4 along dendritic seg-

ments (Figure 7A; Figure S11C).

To determine whether and how CUL3 interacts with synaptic

proteins, we used AP-MS to map its protein binding partners in

primary mouse brain tissue. Using endogenous CUL3 as bait

for IP in the mouse cortex (Figure 7B; STAR Methods), we found

that CUL3 interacts with 136 proteins, including multiple compo-

nents of E3 ubiquitin ligase complexes such as KLH22, KLHL9,

and KLHDC5 (Table S11). The interactome of CUL3 significantly

enriched for known synapse proteins, including classic synapse

markers such as SHANK3, SYNGAP1, NRXN1, and NMDA re-

ceptor subunits (15.85-fold enrichment with SynGO_CC; p

value = 6.36 3 10�111; hypergeometric test). Notably, we found

that many of the interaction partners of CUL3 are also known

risk factors for ASD,77 including SHANK3, NRXN1, NRXN3,

SYNGAP1, and our SynSig-1000-predicted DDX3X protein.

To determine which interacting proteins are alsomodulated by

CUL3, we investigated the differentially expressed proteins

(DEPs) at the synapse in our previously generated CUL3 haploin-

sufficient mouse.108 Using biochemical fractionation of cell ly-

sates, cytoplasm, and SPM from mouse brains, we confirmed

that, as expected, CUL3 expression is decreased in haploinsuf-

ficient mutants compared with wild type (Figure 7C; Figures

S17A and S17B). Western blot analysis in the synaptosome frac-

tion showed that CUL3 is significantly decreased by about 40%

in the mutant samples (Figure 7C; Student’s t test, p < 0.05). We

then used quantitative proteomics to identify DEPs between

wild-type and CUL3-haploinsufficient mouse cortex, with sepa-

rate analyses performed for whole-cell and synaptosome frac-

tions. We found a much greater number of DEPs at the synapse

(Figure 7D; Table S12) compared with the whole cell (Fig-

ure S17C; Table S13), suggesting a profound effect of CUL3mu-

tation specific to the synapse (249 DEPs in the synaptosome, 36

DEPs in the whole cell). In the synaptosome fraction, we found a

significant reduction in many synapse proteins, including

SYNGAP1, HPCAL4, DLG2, and VIM (Figure 7D; Table S12).

Pathway analysis of the DEPs showed significant enrichment

for multiple processes, including synaptic membrane, antero-

grade synaptic signaling, glutamatergic synapse, and neuro-

transmitter transport (Figure S17D).
image. Scale bar, 2 mm. White arrowheads indicate representative positions of

gment indicated by white box in the top row image.

s.

proximately 500) bound to YBX1.

icates (IP1 and IP2) compared with size-matched input controls (IN1 and IN2).

blue boxes representing exons and the shorter blue boxes representing UTRs.

utism risk gene sets drawn from literature and genome-wide association

g multiple comparison correction).
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Figure 7. CUL3 interacts with and modulates proteins at the synapse

(A) Representative confocal images of CUL3 in primary rat hippocampal neurons showing the co-localization of CUL3 and synapsemarker DLG4 (or PSD-95). Top

row shows CUL3 (green), DLG4 (red), and MAP2 (blue) staining across the rat hippocampal neuron. Bottom row shows the magnified images of the neuron

(legend continued on next page)
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The integration of the AP-MS results and the DEPs culminated

in a functional protein interactome map of the CUL3 that shows

both the physical interactors of CUL3 as well as the differentially

regulated proteins (Figure 7E). One of the CUL3 protein interac-

tors, SYNGAP1, was significantly reduced in the CUL3-mutant

synaptosome fraction, suggesting that mutations in CUL3 may

impact other ASD risk factors like SYNGAP1 through physical

protein-protein interactions. Together, the multi-species results

from biochemistry, interactome mapping, and imaging demon-

strated consistent support for the spatial localization and func-

tional impact of CUL3 at the excitatory synapse.

DISCUSSION

Our proteomic and multi-omic efforts characterizing SynSig-

1000 constitute an archive of synapse proteins that spans across

diverse biological functions (Figure S18). To ensure that this

resource captures synapse proteins relevant to the full human

lifespan, we first characterized the composition of human prena-

tal synapses isolated from two distinct sources, the fetal human

cortex and hiPSC-derived neurons. These screens are some of

the first proteomic studies of the excitatory synapse in the early

human brain. Through integration with multi-omics data, we

found that many of the synapse candidates identified in these

proteomic screens could be reinforced by multiple lines of inde-

pendent evidence drawn from sequence, structure, expression,

or physical interaction data.

SynSig-1000 identified 493 candidate synapse proteins

(Table S7), including many RNA-binding proteins and proteaso-

mal factors associated with developmental disorders. While

RNA-binding proteins have been previously associated with

synaptic regulation,111–113 it was unclear whether our predicted

protein candidates were physical components of the synaptic

molecular network. To help validate the synapse protein candi-

dates YBX1 and DDX3X, both RNA-binding proteins, we profiled

their RNA targets in hiPSC-derived neurons. To our knowledge,

this is one of the first studies to systematically characterize the

protein-RNA interactions in human neurons. Our eCLIP analysis

uncovered distinct RNA-binding patterns for DDX3X and YBX1,

revealing that while both proteins predominantly bind to the

coding region, DDX3X shows increased binding to the 50 UTR
(Figure S14D), and YBX1 exhibits a preference for the 30 UTR
(Figure 6C). This divergence in binding preferences suggests

that they may have distinct functional roles in mRNA translation

initiation and localization within the PSD.
(as indicated bywhite box in the top row in themerged image), focusing on a single

co-localization.

(B) Experimental workflow showing the mapping of the protein networks of CUL3

DEPs regulated by CUL3, and AP-MS maps the physical interactors of Cul3. The

by CUL3.

(C) Representative western blot showing protein expression of CUL3 and loadin

synaptosome (SPM). Boxplot shows densitometry quantification of CUL3 and G

(n = 5). Statistical significance is denoted by asterisk (*p < 0.05, Student’s t test,

(D) Volcano plot of the quantitative proteomics results from the SPM fraction of w

downregulated proteins are in red, and unchanged proteins are in gray.

(E) Cytoscape110 network graph showing the protein interaction partners of CUL

cortex (Table S11), grouped by primary function. Nodes of interaction partners are

(pink), new synapse proteins in SynSig-1000 (orange), or other (gray). Color of th

SPM: upregulation (green) and downregulation (blue).
Complementing the RNA-binding work, our endogenous pro-

tein-protein interaction mapping of DDX3X and CUL3 provided

valuable insights into not only their physical interactions with

other synaptic proteins but also known autism risk factors. For

example, through both AP-MS and quantitative proteomics,

we showed that SYNGAP1, an autism risk factor,76,114 co-pu-

rifies with CUL3 and is differentially regulated at the synapse

(Figure 7E). Notably, when we had previously performed AP-

MS with SYNGAP1 as bait in the endogenous mouse cortex,

this pull-down had reciprocally identified CUL3.17 These sym-

metric results strongly argue that SYNGAP1 may be a direct

physical interactor of CUL3, raising the possibility that this inter-

action between two genome-wide significant autism risk factors

at the synapse may be a key contributor to autism pathogenesis.

We also investigated the intersection of interacting proteins

between DDX3X and CUL3 and identified 13 shared protein

interactors. Remarkably, these overlapping interactors were

enriched for multiple pathways integral to synaptic function,

including chemical synaptic transmission, neurotransmitter

transport, and anterograde trans-synaptic signaling (Figure S19).

Several of these shared interactors, including SYN1,115 DLG2,116

DLG4,117 DYNC1H1,118 and STXBP1,119 have previously been

associated with neurodevelopmental disorders. This not only

strengthens the case for the physical presence of DDX3X and

CUL3 within the synaptic molecular network but also under-

scores their potential relevance in the pathogenesis of neurode-

velopmental disorders. Furthermore, our analysis revealed that

DDX3X shows binding affinity toward CUL3. Altogether, these

observations suggest that DDX3X and CUL3 may contribute to

similar pathways in synapse function and disease pathogenesis.

While the vastmajority of proteins identified by themulti-omics

approach (MO-1200) were supported by proteomic screens, 208

did not have experimental evidence (Figure 5A). These 208 pro-

teins may have beenmissed previously due to potential biases in

proteomics screens against low-abundance or hydrophobic

molecules.120 In this case, orthogonal approaches such as

large-scale immunocytochemistry, flow cytometry screens,

AP-MS, or neuronal eCLIP (as performed here in Figures 6B–

6F; Figures S14C–S14G) are promising follow-up strategies.

Naturally, each new screening method presents a distinct set

of challenges, and immunocytochemistry, flow cytometry, AP-

MS, and eCLIP all require the development of target-specific an-

tibodies, which may not be readily available for all molecules.

In addition to identifying synapse candidates, the multi-omic

aspect of our study also gained insights into the molecular
dendritic segment.White arrowheads indicate representative CUL3 and DLG4

using endogenous mouse brain tissue. Quantitative proteomics identifies the

intersection represents proteins that interact with CUL3 and are also regulated

g control GAPDH from both wild-type and CUL3 mutant mouse brain in the

APDH protein expression in the SPM from wild-type and CUL3 mutant brains

two-tailed).

ild-type versus CUL3 mutant mice. Upregulated proteins are denoted in green,

3 from affinity-purification mass spectrometry (AP-MS) in endogenous mouse

colored according to whether they are categorized as known synapse proteins

e node border denotes DEPs via quantitative proteomics in the mouse cortex
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features that define the essence of synaptic proteins. In this re-

gard, our results highlight protein interaction neighborhoods as

highly predictive features (Figure S7A). Since a comprehensive

brain-specific protein interaction network is not yet available,

this particular analysis relied on the large cell-type-general

network from the Mentha database.121 Despite its generality,

this network contributed highly to neuronal synapse protein pre-

diction. These results, together with the high correlation in syn-

apse expression patterns across non-brain adult tissues (Fig-

ure S7D), suggest that synapse proteins may have distinctive

roles outside of the brain. They also suggest that more extensive

interactome mapping may improve the identification of synaptic

molecules. For instance, our subsequent interaction maps of

synapse candidates CUL3 and DDX3X in endogenous brain tis-

sue supported and expanded upon the initial multi-omic predic-

tions (Figures 7E and S14B). A key advantage of our multi-omic

machine-learning strategy is the ability to progressively add to

both the proteomics input and the multi-omics datasets, thereby

increasing both coverage and accuracy of synapse factors

through continued research. Complex cellular structures with

limited existing literature, such as the inhibitory synapse or activ-

ity-stimulated synapses, could particularly benefit from such a

progressive framework moving forward.
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STAR+METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

anti-YBX1 (ICC) Abcam Ab76149; RRID AB_2219276

anti-YBX1 (Western) Novus Biological NBP1-97572: RRID AB_11188537

anti-YBX1 (eCLIP) Bethyl A303-230A

anti-CUL3 (ICC and Western) Thermo Fisher 11107-1-AP; RRID:AB_2086429

anti-CUL3 (AP-MS) Bethyl Laboratories A301-109A; RRID:AB_873023

anti-DDX3X (rodent ICC and Western) Abcam ab235940

anti-DDX3X (human iPSC ICC,

rodent AP-MS, eCLIP)

Bethyl Laboratories A300-474A; RRID:AB_451009

anti-DLG4 (ICC and Western) Novus Biological NB300-556; RRID:AB_2092366

anti-Synaptophysin (ICC) Novus Biologicals NBP1-19222; RRID:AB_1643135

anti-Synaptophysin (ICC) Millipore MAB5258-I

anti-MAP2 (ICC) Novus Biological NB300-213; RRID:AB_2138178

anti-Tubulin (Western) Abcam ab196583

anti-GAPDH (Western) Cell Signaling 3683S; RRID:AB_1642205

anti-GRIN2A Cell Signaling 4205s

anti-GRIN2B UC DAVIS/NIH Neuromab Facility 75-097

anti-GRM5 Cell Signaling 55920s

anti-SYP Cell Signaling 9020s

anti-GRIA1 UC DAVIS/NIH Neuromab Facility 75-327

anti-HOMER1 Cell Signaling 8231S

anti-DLGAP1/4 Neuromab 75-236

anti-ERK2 Cell Signaling 9102S

anti-GSK3B Cell Signaling 9315

anti-CAMK2A Invitrogen 137300

anti-SYNGAP1 Cell Signaling 5540

anti-DLG2 Neuromab 75-057

anti-MAP2 (ICC) Cell Signaling 8707S

anti-GFAP (ICC) UC DAVIS/NIH Neuromab Facility 75-240

anti-GAD67/1 EMD Millipore MAB5406

anti-VGLUT2 Sigma SAB5200276

Biological Samples

Human fetal brain tissue This Paper HS-12-00474

Deposited data

Early human proteomics data This Paper ProteomeXchange accession

number is PXD020933 (Username:

reviewer_pxd020933@ebi.ac.uk;

Password: vHyONzzE)

Adult mouse proteomics data This Paper ProteomeXchange accession

number is PXD021009 (Username:

MSV000085977; Password: PSD30#)

Cul3 differential protein expression This Paper ProteomeXchange accession

number is PXD041108 (Username:

reviewer_pxd041108@ebi.ac.uk;

Password: moOf5n3m)

(Continued on next page)

Cell Systems 16, 101204, April 16, 2025 e1

mailto:reviewer_pxd020933@ebi.ac.uk
mailto:reviewer_pxd041108@ebi.ac.uk


Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

eCLIP protein-RNA binding profiles This Paper GEO: GSE228444 (reviewer token:

yvslekakrdkvhux)

Experimental Models: Cell Lines

CV-B iPSCs (46, XY) Gore et al.122 N/A

H9 iPSCs Hurley et al.123 N/A

ND03231 NINDS repository124 N/A

Experimental Models: Organisms/Strains

C57BL/6J mice Jackson Labs 000664

Cul3 Mutant mice Amar et al.108 N/A

Sprague Dawley rats Envigo 002 - US

Software and algorithms

Mentha Calderone et al.121 https://mentha.uniroma2.it/

DAnTE Polpitiya et al.125 https://pnnl-comp-mass-spec.github.io/

Proteome Discoverer 1.4 Thermo Fisher Scientific https://www.thermofisher.com/us/en/home/

industrial/mass-spectrometry/proteomics-

mass-spectrometry.html

MSFragger version 3.5 Kong et al.126 https://www.nesvilab.org/software

Philosopher version 4.4.0 Leprevost et al.127 https://philosopher.nesvilab.org/

EasyPQP version 0.1.30 Python Package Index https://pypi.org/project/easypqp/

DIA-NN Demichev et al.128 https://github.com/vdemichev/diann

maxLFQ129 Cox et al.129 https://www.rdocumentation.org/packages/

iq/versions/1.9.10/topics/maxLFQ

dplyr version 1.0.7 CRAN Sources https://github.com/tidyverse/dplyr/

releases/tag/v1.0.7

ggplot2 version 3.3.6 CRAN Sources https://github.com/tidyverse/ggplot2/

releases/tag/v3.3.6

clusterProfiler version 4.2.2 CRAN Sources https://github.com/YuLab-SMU/clusterProfiler

org.Mm.eg.db version.3.8.2 CRAN Sources https://bioconductor.org/packages/release/

data/annotation/html/org.Mmu.eg.db.html

Resnik semantic similarity score Resnik130 https://arxiv.org/abs/1105.5444

Data-Driven Ontology (DDOT) Yu et al.131 https://github.com/idekerlab/ddot

NetworkX Python library NetworkX https://networkx.org/

Scikit-learn Pedregosa et al.132 https://scikit-learn.org/stable/

Manuscript code This paper https://github.com/KarenYuanMei/

SynSig_Updated;

Zenodo: 10.5281/zenodo.14219149
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

Rodent
All animal experiments using mice and rats were conducted according to the NIH Health Guide for Care and Use of Laboratory An-

imals and were approved by the University of California San Diego and Massachusetts Institute of Technology Institutional Animal

Care and Use Committees.

Fetal Human Brain Tissue
De-identified human fetal cortical tissues were obtained from second trimester elective termination. Collection of this tissue was per-

formed under approval by the Institutional Review Boards of both Children’s Hospital Los Angeles and the Keck School of Medicine

of the University of Southern California. University of Southern California institutional review board approvals HS-12-00474 and HS-

13-00399 were obtained for this work.
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METHOD DETAILS

Adult Mouse Proteomics Screens
Reagents

All chemicals and reagents were purchased fromSigma-Aldrich (St. Louis,MO) unless stated otherwise. Ammoniumbicarbonate and

acetonitrile were purchased from Fisher Scientific (Pittsburgh, PA), and Sequencing Grade Modified Trypsin was purchased from

Promega (Madison, WI). Bicinchoninic acid (BCA) assay reagents and standards were obtained from Pierce (Pierce ThermoFisher

Scientific, Waltham, MA). TMTsixplex Isobaric Mass Tagging Kit was purchased from ThermoFisher (ThermoFisher Scientific, Wal-

tham,MA). Ni-NTA-agarose beadswere obtained fromQIAGEN (Valencia, CA). Purified, deionizedwater, >18MW, (Nanopure Infinity

ultrapure water system, Barnstead, Dubuque, IA) was used to make all aqueous buffers and solutions.

Preparation of PSD Fractions

Cortex and dorsal striatum tissues were dissected fromwildtypemice aged at least 2months old. PSD enrichment was processed as

previously described.16 Three replicates of PSD fractions from wildtype mice for each dorsal striatum and cortex samples were pro-

cessed for mass spectrometry analysis. 50 mL of ice-cold lysis buffer comprised of 8 M Urea, 100 mM Ammonium Bicarbonate pH

7.8, 75mMPotassiumChloride and cOmplete Mini EDTA-free Protease Inhibitor Cocktail (1 tablet/10mL; Roche Diagnostics, Indian-

apolis, IN, USA) was added to each PSD pellet. Samples were homogenized with the assistance of two sessions of short (30 sec)

sonication in an ultrasonic bath (Branson, Danbury, CT) filled with ice water, with manual pipetting. Assessment of lysate protein con-

centration was performed through a bicinchoninic acid (BCA) Protein Assay. Proteins were denatured and intra- and inter-molecular

disulfide bonds were reduced with 5 mM Dithiothreitol (DTT) for 1 hour at 37�C with constant 1200 rpm shaking in a Thermomixer R

(Eppendorf, Westbury, NY). Subsequently, free sulfhydryl groups were alkylated with 10 mM Iodoacetamide for one hour at 25�C in

the dark with constant Thermomixer shaking at 1200 rpm. Samples were diluted 2-fold with nano-pure water containing 1mMCaCl2,

and trypsin digestionwas achievedwith SequencingGradeModified Trypsin. Prepared trypsin was added to the protein samples at a

1:50 (wt/wt) trypsin-to-protein ratio. Following a 4-hour incubation at 37�C in the Thermomixer, samples were 4-fold diluted with

nano-pure water containing 1 mM CaCl2, and the same amount of trypsin was added to the samples. After 14 hours of 25�C incu-

bation, the digestion reaction was stopped by acidifying samples to pH 2.5 with 10% TFA stock solution. Digested samples were

centrifuged for 10 min at 9000 x g centrifugation, transferred to fresh tubes and stored at –80�C until the next processing step. Di-

gested peptides were submitted for solid-phase extraction (SPE) via appropriately sized tC18 SepPak cartridges (Waters, Milford,

MA). Desalted peptides were eluted from the SPE column with 80% acetonitrile and concentrated in a SpeedVac vacuum concen-

trator. 50 mg of peptides ( as measured by peptide-level BCA Assay) from each sample, was removed and transferred to a new sam-

ple vial for the drying in SpeedVac concentrator (ThermoFisher Scientific). Dry samples were temporarily stored at –80�C awaiting

subsequent steps. Selected samples were labeled with 6-plex tandem mass tags (TMT, ThermoFisher Scientific). Dry sample ali-

quots were reconstituted in 30 uL of 500 mM triethylammonium bicarbonate (TEAB) pH 8.5, and 0.8 mg of each TMT reagent, rehy-

drated in 70 mL of anhydrous ACN, was added to each sample. After 1 hr incubation at 21�C, all individual TMT-labeling reactions

were quenched with 8 mL of 5% hydroxylamine in 200 mM TEAB pH 8.5, followed by incubation at 21�C for 15 min. Individually

labeled samples were combined in a new microcentrifuge tube, and the pooled sample was acidified to pH 4.0 with 10% TFA.

Labeled samples were dried in the SpeedVac then resuspended in 3% ACN, 0.1 % TFA and desalted using the same SPE C18 de-

salting method as before.

Mass Spectrometry Peptide fractions were analyzed on a high resolution, reversed-phase capillary LC system coupled with a

Thermo Fisher Scientific LTQ-Orbitrap Velos MS. The automated LC system was custom built using two Agilent 1200 nanoflow

pumps and one Agilent 1200 capillary pump with a PAL autosampler. Capillary reversed-phase columns were prepared in-house

by slurry packing 3-mm Jupiter C18 (Phenomenex, Torrence, CA) into 35-cm x 360mm o.d. x 75mm i.d. fused silica (Polymicro Tech-

nologies Inc., Phoenix, AZ). Trapping columns were prepared similarly but using 3.6-mm Aeris Widepore XB-C18 packed into a 4 cm

length of 150mm i.d. fused silica. Mobile phases consisted of 0.1% formic acid in water and 0.1% formic acid acetonitrile operated at

constant flow of 300nL/min with a gradient profile over the course of 100min gradient. MS analysis was performed on a LTQ-Orbitrap

Velos mass spectrometer with heated capillary temperature and spray voltage of 350�C and 2.2 kV, respectively. Full MS spectra

were recorded at a resolution of 100K (for ions at m/z 400) over the range of m/z 400–2000 with an automated gain control (AGC)

value of 1310.6 MS/MS was performed in the data-dependent mode with an AGC target value of 3310.4 The ten most abundant

parent ions, excluding single charge states, were selected for MS/MS using high-energy collisional dissociation (HCD) with a normal-

ized collision energy setting of 40%. A dynamic exclusion time of 45 sec was used.

Data Analysis

TMT-labeled peptides were identified based on tandemMS/MS spectra by searching against a human protein database (UniprotKB,

released 2010-05) using the MSGF+ algorithm133 and abundance information across 6-plex TMT labeling was extracted from the

report ion intensities within a given spectra. All peptideswere identifiedwith <0.1%False Discovery Rate by using aMSGF probability

score <1310–10 and a decoy database searching strategy. The reporter ion intensities for each peptide were summed for all identified

spectra for each channel in each biological condition. Relative abundances at the peptide level were rolled-up to the protein

level using the software tool DAnTE125 with the abundances being log2 transformed and normalized by the central tendency

approach.
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Fetal Human Proteomics Screens
Human iPSC-Derived Induced Neurons

The control 03231 iPSC line was generated from a lymphoblastoid cell line derived from a healthy 56-year-old male (NINDS repos-

itory, ND03231) as previously described.134 For general maintenance, iPSCswere cultured onGeltrex (Thermo Fisher Scientific, Wal-

tham, MA) coated plates in mTeSR-1 medium (Stemcell Technologies, Vancouver, Canada) at 37C with 5% CO2. Karyotyping was

carried out by the Center for Personalized Medicine at the Children’s Hospital of Los Angeles. Induced neurons (iNs) were differen-

tiated directly from iPSCs using a modified protocol derived from previous work.60 When confluent, iPSCs were split via Accutase

and seeded into Geltrex coated 6-well plates at a density of 33105 cells per well in mTeSR supplemented with 10 mM rock inhibitor.

The following day, media were changed to mTeSR supplemented with 4 mg/ml polybrene, and iPSCs were infected with hNGN2

(Addgene plasmid # 79049) and rtTA (Addgene plasmid # 19780) lentiviruses at sufficient concentration to obtain >90% infection ef-

ficiency. Media was changed daily until iPSCs were ready for passaging. iPSCs were then passaged directly into neural induction

media, consisting of DMEM/F12 basal media, 1X N2 supplement, 1X NEAA, 10 ng/ml BDNF (Shenandoah Biotechnology, Warwick,

PA), 10 ng/ml NT-3 (Shenandoah Biotechnology), and 1 mg/ml Doxycycline (Enzo Life Sciences, Farmingdale, NY) supplementedwith

10 mM Rock Inhibitor. Cells were plated in 10 cm tissue culture dishes at a density of 1.23106 cells per dish. The following day, cells

were changed to neural induction media supplemented with 0.7 mg/ml puromycin. 48 hr later, media was changed to B27 (Neuro-

basal, 1X B27 supplement, 1X Glutamax, 10 ng/ml BDNF, 10 ng/ml NT-3, and 1 mg/ml doxycycline). 48 hr later, media was changed

to B27 supplemented with 2 mM Ara-C (MilliporeSigma, Burlington, MA). Half media changes were carried out every other day until

neurons were harvested at 3 weeks post initiation of differentiation.

Preparation of PSD Fractions

Postsynaptic density preparations were performed as previously described.17 Either 3-week-old induced neurons from 1, 10 cm dish

or second-trimester fetal cortex was homogenized in sucrose buffer, consisting of 0.32 M sucrose, 10 mM Hepes buffer (pH 7.4),

2 mM EDTA, 30 mMNaF, 20 mM b-glycerol phosphate, 5 mM sodium orthovanadate, and Roche cOmplete protease inhibitor cock-

tail. Samples were centrifuged at 500 x g for 6 minutes, after which supernatant was collected and spun at 10,000 x g for 10 min. The

resulting pellet was solubilized in triton buffer, consisting of 50 mM Hepes (pH 7.4), 2 mM EGTA, 2 mM EDTA, 50 mM NaF, 20 mM

b-glycerol phosphate, 5 mM sodium orthovanadate, Roche complete, and 1% Triton X-100. The solubilized pellet was centrifuged at

30,000 rpm for 30 min and supernatant was collected for non-PSD fractions. The pellet was solubilized in DOC buffer, consisting of

50 mM Tris (pH 9), 30 mM NaF, 5 mM sodium orthovanadate, 20 mM b-glycerol phosphate, 20 mMZnCl2, Roche cOmplete, and 1%

sodium deoxycholate, yielding the PSD fraction.

Mass Spectrometry

25 ug of protein obtained from the postsynaptic density preparations was loaded onto 4– 12%Bis-Tris [1] gels and separated at 135V

for 1.5 hours. Following separation, gels were stained using InstantBlue (Expedeon, San Diego, CA) and then destained in 25%

ethanol overnight.The following day, gel lanes were cut, individual gel slices were placed into perforated 96-well plates for destaining,

and peptide digestion via trypsin was completed at 37C overnight. Peptides were extracted with acetonitrile and dried. Postsynaptic

density preparations were separated into four individual fractions per preparation and desalted using stage tips. LC-MS experiments

were performed using a nanoscale UHPLC system (EASY-nLC1200, Thermo Fisher Scientific) connected to a Q Exactive Plus Hybrid

quadrupole-Orbitrap mass spectrometer for reverse-phase separation and data acquisition.

Data Analysis

Proteome Discoverer 1.4 (Thermo Fisher Scientific) was used to process MS data which was analyzed using both Sequest HT and

Mascot (Matrix Science, Boston, MA) against the Uniprot mouse and human databases combined with its decoy database. Peptide

identification settings were as follows: the mass tolerance was set at 10 ppm for precursor ions and 0.8 Daltons for fragment ions; no

more than two missed cleavage sites were allowed; static modification was set as cysteine carboxyamidation; and dynamic modi-

fication was set as methionine oxidation. False Discovery Rates were automatically calculated by the Percolator node of Proteome

Discoverer; a peptide FDR = 0.01 was used to threshold results. Peptides with scores better than this threshold were considered as

true identifications.

Rat Hippocampal Neuron Culture
Sprague Dawley rat dissociated hippocampal neurons from postnatal day 1 pups of either sex were plated at a density of 45,000

cells/cm2 onto poly-d-lysine-coated coverslips and were maintained in B27 supplemented neurobasal medium (Invitrogen) until

day in vitro (DIV) 16, as described previously.135 Overall neuronal health was monitored visually weekly and throughout the experi-

mental process.

Confocal Imaging of Rat Hippocampal Neurons
Neurons older than DIV 16 were fixed in 4% paraformaldehyde with 4% sucrose in 1X PBS for 10 or 15 minutes. Cells were permea-

bilized using 0.1%Triton X-100 at room temperature for 30minutes, or 0.25%Triton X-100 at room temperature for 20minutes. After-

wards, they were incubated with a blocking buffer, which consisted of 15%Normal Goat Serum and 5%BSA in 1X PBS for one hour

at room temperature, or 5%BSA in 1X PBS for 7 hours at 4�C. After overnight incubation with primary antibodies in the same blocking

buffer, or 2% BSA in 1X PBS at 4 degree Celsius, the neurons were washed three times with 1X PBS. They were then incubated with

secondary antibodies in the blocking buffer, or 2% BSA in 1X PBS for 1 hour at room temperature, before being washed three times

with 1X PBS and DAPI staining. Coverslips were mounted onto microscope slides using Fluoromount or Aqua-Poly/Mount. For
e4 Cell Systems 16, 101204, April 16, 2025
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details on primary and secondary antibodies used for immunofluorescence, see key resources table. After immunostaining, confocal

images for cultured rat neurons were obtained with an LSM700 laser-scanning confocal microscope (Carl Zeiss, Jena, Germany),

using a 633oil immersion Plan-Apochromat objective (N.A. = 1.4). Images of neurons and branches were acquired with 1X optical

zoom. Z-stack images or single-plane images of local dendrite and spines were acquired with 4X optical zoom. Brightness and

contrast within linear ranges were adjusted for acquired images, and exported using the standard ZEISS Software ZEN 3.3 (blue edi-

tion). Images were also collected using a Leica DMI6000 inverted microscope equipped with a Yokogawa Nipkow Spinning disk

confocal head, Orca ER High Resolution black and white cooled CCD camera (6.45 mm/pixel at 13) (Hamamatsu), Plan Apochromat

633/1.4 numerical aperture objective, Andor ILE laser merge module for 100mW 405nm, 150mW 488nm, 100mW 561nm, and

140mW 637nm lasers, 8-bit acquisition (0–255 pixel intensity units, respectively) with Volocity (PerkinElmer) imaging software

Immunofluorescence and Confocal Imaging of hiPSC-Derived Neurons
Eight-week-old induced neurons were fixed in cold 4% paraformaldehyde (Alpha Aesar, Haverhill, MA, catalog # A11313)/ 4% su-

crose at room temperature for 15 minutes, washed three time with PBS (Lonza, Walkersville, MD, catalog # 17-516F), and then per-

meabilized with 0.5% PBS-Tween (Tween 20, VWR, Radnor, PA, catalog # 0777-1L) (PBST) for 15 minutes. Cells were blocked with

blocking solution (10% fetal bovine serum (Genesee Scientific, San Diego, CA, catalog # 25-514) in 0.1% PBST for 1 hour at room

temperature and then incubatedwith their respective primary antibodies diluted in blocking buffer overnight at 4 degrees Celsius. The

next day, the cells were washed three timeswith 0.1%PBST and then incubatedwith their respective secondary antibodies diluted in

blocking buffer for 1 hour at room temperature followed by DAPI staining. Coverslips were mounted onto microscope slides using

ProLong Diamond Antifade Mountant (Thermo Fisher Scientific, Waltham, MA, catalog # P36965) and then imaged using a Zeiss

LSM 800 confocal laser scanning microscope. Images of neuronal dendrites were acquired using a 63X oil immersion objective

and processed using imageJ. For details on primary and secondary antibodies used for immunofluorescence, see key re-

sources table.

Affinity Purification Mass Spectrometry
Immunoprecipitation experiments were performed as previously described.17 Cortical tissues from adult wildtypemice were homog-

enized in DOC buffer while e14 fetal brain was homogenized in DDM buffer 50 mM Tris pH 7.4, 2 mM EDTA, 10 mM NaVO4, 30 mM

NaF, 20mM b-glycerophosphate, 1% n-Dodecyl-b-Maltopyranoside (Anatrace, Maumee, OH, catalog # D310S), supplemented with

cOmplete Protease Inhibitor Cocktail Tablets. Lysate was incubated at 4 degrees Celsius with rotation for 40minutes and then centri-

fuged at 35,000 RPM for 30 minutes at 4 degrees Celsius. Following the determination of protein concentration via the BCA assay,

lysate containing 2mg of total protein was incubated with the indicated primary antibody at a concentration of 1 - 2 mg/mg of lysate at

4 degrees Celsius overnight with rotation. The following day, IPs were incubated with Dynabeads protein G (Thermo Fisher Scientific,

Waltham, MA, catalog # 10004D) for 2 hours at 4 degrees Celsius with rotation. IPs were washed three times with IP wash buffer

(25 mM Tris (pH 7.4), 150 mM NaCl (VWR, Radnor, PA, catalog # BDH9286-500G), 1 mM EDTA, and 1% Triton X-100). IPs were

re-suspended in 2X LDS sample buffer and incubated at 95 degrees Celsius for 15 minutes to elute protein complexes. The eluant

was incubated with DTT at a final concentration of 1 mM at 56 degrees Celsius for 1 hour followed by incubation with Iodoacetamide

at a final concentration of 20 mM at room temperature for 45 minutes. Protein Interactions were considered positive if a minimum of

two peptides were present in at least two assays and absent in anti-IgG controls.

Synaptosomal Preparation and Western Analysis
Synaptosomal preparation was completed using a protocol based on previous studies.16,42,46 Briefly, brain tissues from wildtype

adult mice were homogenized in 4 mM HEPES buffer with 0.32M sucrose and Protease Inhibitor (Roche Diagnostics

#11873580001). Samples collected from the homogenates were labeled as cell lysate. The homogenates were centrifuged at 900

rcf for 15 minutes and the supernatant was collected for another round of centrifugation at 900 rcf. After the pellet was discarded,

aliquots taken from the supernatant were labeled as cytoplasmic fraction. The remaining supernatant was centrifuged at 18,000

rcf for 15 minutes, resulting in a pellet that was again centrifuged with the same settings. The final pellet was saved as the washed

crude synaptosome. All centrifugations were done at 4 degrees Celsius. For Western analysis, the cell lysate, cytoplasmic, and syn-

aptosomal fractions were recovered in M-PER Mammalian Protein Extraction Reagent (ThermoFisher Scientific #78501) with prote-

ase inhibitors. Enrichment of synaptosomal protein markers was verified by quantification of Western blots targeting known synaptic

markers such as DLG4 (Figures S11A and S11B).

The protein samples were then run out on the XCell SureLock Mini-Cell Electrophoresis System (EI0001) using 10% Bis-Tris gels

(NP0301) from and different Novex running buffers from Life Technologies. The gels were then transferred (Trans-Blot Semi-Dry

Transfer Cell #1703940) onto nitrocellulose membranes (Bio-Rad #1620115). The membranes were blocked with 5% milk in TBST

before probing with primary antibodies overnight at 4 degrees Celsius. After washing with 1X TBST, the membranes were probed

with secondary antibodies at room temperature for 1 hour. After washing, the membrane was then developed on Blue Devil Autora-

diography Film from Genesee Scientific (30-100) using the Pierce ECL Western Blotting Substrate from ThermoFisher (32106).

For Western analysis of YBX1, protein lysates were analyzed via the WES system from ProteinSimple. Protein lysates were pre-

pared for the WES machine via manufacturer’s specifications using their Jess/Wes Separation (12 - 230 kDA) 8 x 25 Capillary Car-

tridges (REF SM-W004-1) and related WES reagents. Images of the WES run were taken with ProteinSimple’s Program ‘‘Compass

for SW.’’
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Abundance Proteomics of Synaptosome and Whole Cell Lysate
Sample Preparation

Both synaptic and whole cell lysate were prepared for mass spectrometry using a modified version of the SPEED method.136 Whole

cell lysate samples were brought to 80%MeOH before spinning at 16,000 g for 10 minutes. Supernatant was disposed of before the

pellet was resuspended in a volume of >99%TFA, three times that of the pellet. Synaptosome sample pellets were washed twice with

PBS before addition of TFA at the same volume proportion. Pellets were allowed to lyse for 5 minutes at room temperature, before

acid was quenched with 2M Tris at 10x volume of acid added. Proteins were reduced and alkylated by adding 1.1x acid volume of

100mMTCEP, 400mMCAA, bringing the lysates to a final concentration 10mM TCEP and 40mMCAA, before incubating at 95 C for

5 minutes. Samples were diluted 1:2 with water before protein concentration was determined using the Protein 660 assay (Pierce

Thermo Fisher). 70 ug of protein was aliquoted from each sample, and trypsin and lys-Cwere added, each at a ratio of 1:100 protease

to protein. Samples were digested with shaking overnight at 37C. Digested samples were desalted using a 96-well C18 plate (NEST

Group, HNS S18V 20MGPROTO 300 C18), before dried down using a SpeedVac Concentrator. Samples were resuspended in 0.1%

formic acid at a concentration of 1 mg/ml before injection onto the LC-MS/MS system.

Liquid Chromatography Mass Spectrometry

Digested peptides were separated using Thermo EASY-nLC 1200 nano liquid chromatography setup. Synaptosome samples utilized

an attached 15 cm long fused silica column filled with 1.7 um bridged ethylene hybrid (BEH) C18 particles. Whole cell samples utilized

an attached 25 cm long fused silica column filled with 1.9 um Reprosil-Pur C18 particles. Mobile phase A was composed of a 0.1%

formic acid solution, while mobile phase B was composed of 0.1% formic acid with 80% acetonitrile. Sample injections of 1 ul,

equating to approximately 1 ug of material, were loaded onto the column at a flow rate of �1 ul/min(maximum pressure of 650

bar). After loading, the gradient beganwithmobile phase B at 4% for 2minutes, before increasing to 30%over 60mins. Mobile phase

B then increased to 45%over 10minutes before increasing to 95%Bover 2minutes and finishingwith awash at 95%B for 6minutes.

The gradient required a total time of 80minutes. Eluting peptides were ionized by electrospray ionization and analyzed using an Orbi-

trap Exploris 480Mass Spectrometer. Four data-dependent acquisition runs were collected for both thewhole cell and synaptosome

samples, two WT and two heterozygous mutants, to generate a spectral library. Survey scans were taken from 350-1100 m/z at a

resolution of 60,000, with a normalized AGC of 300%.

Maximum injection time set to ‘‘Auto’’ and Advanced Peak Determination was utilized. Precursors were isolated for tandem MS

using a 1.6 m/z isolation window and fragmented using HCD with a normalized collision energy of 30%. Tandem MS scans were

taken at a resolution of 15,000 with a normalized AGC of 200% and maximum injection time of 22 ms. Tandem MS scan range

was set to ‘‘Auto’’ and isolated precursors were excluded for 45 s with a 10 ppmmass tolerance. Only precursors with a charge state

from 2-6 were selected for fragmentation. For data independent acquisition, precursors were isolated for tandem MS using 20 m/z

windows with a 2 m/z overlap between windows covering the range of 350-1100 m/z. All other parameters for full scans and tandem

MS scans were the same between DDA and DIA runs, with full scans being taken each complete loop of the DIA windows.

Data Search and Analysis

Spectral libraries were generated from DDA runs using the MSFragger (MSFragger,126 version 3.5), Philosopher,127 version 4.4.0),

and EasyPQP (version 0.1.30) components inside of the FragPipe graphic user interface. Raw files were searched against a full

mouse proteome, downloaded fromUniprot on 12/29/2021. Reversed sequences were appended to the original as decoys and com-

mon contaminants were added. For the MSFragger search enzyme specificity was set to trypsin with 2 missed cleavages allowed

and precursor and fragment tolerances both set to 20 ppm. Mass calibration and parameter optimization were both used with an

isotope error of 0/1/2. Allowable Peptide length was set from 7 to 50 residues and with an acceptable peptide mass range of 500

to 5,000 Da. Carbamidomethylation of cysteine was set as a fixed modification, while methionine oxidation, N-terminal acetylation,

pyroglutamate onN-terminal glutamine or cysteine, and pyroglutamate at N-terminal glutamate were all set as variablemodifications.

The spectral library generated from Fragpipe was used to search DIA files using DIA-NN.128 DIA-NN search was run in double-pass

mode with match between runs engaged, and protein inference turned off. The quantification strategy was set to robust LC with high

precision. Mass accuracy for both full scans and tandem scanswas inferred based on the first DIA run of the batch. Search relied only

on the spectral library and so no FASTA file was included. Precursor-level results from DIA-NN were converted into label-free protein

abundances using the maxLFQ129 algorithm within the diann R package. Significance testing for proteomics data relied on base R

and the dplyr package (version 1.0.7), with plotting performed using ggplot2 (version 3.3.6).

Proteins with significant up or down effects (p.value < 0.02) were tested for enrichment of Gene Ontology (GO Biological Process,

Molecular Function and cellular Component) terms. The over-representation analysis (ORA) was performed using the enricher func-

tion from R package clusterProfiler (version 4.2.2) (https://pubmed.ncbi.nlm.nih.gov/22455463/). The Gene Ontology terms and an-

notations were obtained from the R annotation package org.Mm.eg.db (version 3.8.2). In an effort to select non-redundant GO terms,

we first constructed a term tree based on distances (1-Jaccard Similarity Coefficients of shared genes in GO database) between the

significant terms using the R function hclust. The term treewas cut at a specific level (R function cutree, h = 0.99) to identify clusters of

redundant gene sets. For results with multiple significant terms belonging to the same cluster, we selected the most significant term

(i.e., minimum adjusted p-value).

Human iPSC derived neurons for eCLIP analysis
Due to the scalability of hiPSC-derived motor neurons for obtaining sufficient samples for downstream eCLIP analysis, we

differentiated motor neurons from induced pluripotent stem cells as previously described.137 Briefly, human iPSCs (CV-B) were
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plated into 1x matrigel-coated 10cm culture dishes and grown for 2-3 days in StemFlex medium until they reached 70%–90% con-

fluency. On day one of the differentiation protocol, medium was changed to N2B27 medium (DMEM/F12+Glutamax, 1:200 N2 sup-

plement, 1:100 B27 supplement, 150mM ascorbic acid and 1% Penicillin/Streptomycin) supplemented with 1 mM Dorsomorphin,

10 mM SB431542 and 3 mM CHIR99021. Cells were maintained with daily medium changes in the same medium for six days. On

day seven, the mediumwas changed to N2B27medium supplemented with 1 mMDorsomorphin, 10 mMSB431542, 200nM Smooth-

ened Agonist (SAG), and 1.5 mM retinoic acid (RA). Medium was changed daily to compensate for increasing cell density until day 15

of differentiation when cells reached the Motor Neuron Progenitor (MNP) stage. On day 15 MNP cells were dissociated using Accu-

tase and expanded on 1x matrigel-coated 15cm culture dishes. Medium was changed on days 15 and 17 to Maturation Medium

(N2B27, 20ng/ml each of Brain Derived Neurotrophic Factor, Glial cell line Derived Neurotrophic Factor, and Cilliary Neurotrophic

Factor) supplemented with 200nM SAG, 1.5mM RA, and 10mM Y-27632 (ROCK inhibitor). On day 19 medium was changed to Matu-

ration Medium supplemented with 2mM DAPT. Medium was changed to Maturation Medium without additional small molecules on

day 22, and cells were maintained with 75%medium changes every 2 days thereafter. Motor neurons reached synaptic maturity on

day 24, and were harvested for eCLIP assays on day 28.

Assessment of bound RNA by eCLIP analysis
The eCLIP experiments were performed as previously described.90,138–140 Briefly, >40 million cells were collected for UV crosslink

(400 mJoules/cm2, 254 nm), followed by cell lysis, sonication, and RNase I treatment. Anti-DDX3 antibody (Bethyl #A300-474A)

or anti-YBX1 antibody (Bethyl #A303-230A) were validated for eCLIP according to ENCODE standards.90 Antibodies were incubated

with cell lysates at 4�C overnight. 2% of samples were saved as size-matched input before immunoprecipitation (IP) steps. IP sam-

ples were washed, followed by RNA dephosphorylation (FastAP, Thermo Fisher; T4 PNK, NEB) and 3’ RNA adaptor ligation (T4 RNA

ligase, NEB). IP and input samples were run on a PAGE Bis-Tris protein gel and subsequently transferred to a nitrocellulose mem-

brane. Region starting from the protein size up to 75 kDa above was excised from the membrane for proteinase K (NEB) treatment

and column purification (Zymo). RNA obtained from input samples was also dephosphorylated and ligated to 3’ RNA adaptors as

performed previously to IP samples. Final RNA samples were reverse transcribed, ligated to a 3’ DNA adaptor (T4 RNA ligase,

NEB), and PCR amplified to obtain the final library for next generation sequencing. Following sequencing, raw reads were aligned

to GRCh38 and analyzed following a previously published pipeline.138,139 Consistent with the ENCODE standard,90 reads aligning

to artifact-enriched or repetitive genomic regions were removed, and reproducible and significant peaks of aligned reads were

defined as IDR cutoff of 0.01, P % 0.001, and fold enrichment R8. Genic regions of eCLIP peaks were annotated based on overlap

with GENCODE v26 transcripts following the priority order consistent with the previous study.138,139 For gene ontology analysis,

ClusterProfiler86 was used to analyze the top �500 genes (ranked by P-value of the most significant IDR peak), using expressed

genes from the size-matched input samples as the background set. For enrichment analysis of the RNA targets for synapse data-

bases and autism risk factors, hypergeometric test was used with the expressed genes from the size-matched input samples as

the background set.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical Significance
We denote statistical significance with *p<0.05, **p<0.01, ***p<0.001.

Modeling of Gene-Gene Similarity in Multi-Omics Data
Selection of Genes for Prediction

In predicting synapse genes, we adopted a conservative approach by including only genes expressed in the human brain that are

equivalently characterized. To achieve this, we used only protein-coding genes according to Ensembl, excluded genes that showed

no expression across human brain regions in BrainSpan, and excluded genes that had missing data in any of the features. This re-

sulted in a searchable pool of 11,082 human-brain expressed genes for each of which our machine learning pipeline was able to

assign a synapse similarity score.

From this pool of 11,082 genes, we identified the genes that were annotated as synapse genes in the synapse database

SynGO_CC (20180731 release),26 and randomly selected 487 training positive genes (or 60% of SynGO_CC) from this subset.

We used the remaining 40% of the SynGO_CC as held out for subsequent evaluation of model performance. For negative examples,

we randomly selected the same number of genes, 487, from the pool of genes not contained in SynGO_CC. SynGO annotations were

downloaded in October 2019. To determine if the model performance depended on a specific training/test split, we iterated the

model with 50 additional random training/test selections. The results showed that the performance was similar across all iterations

(Figure S6C).We also tested if using all of SynGO_CC simultaneously would lead to different predictions, and found that the predicted

synapse similarity scores from using part of SynGO compared to all of SynGO were almost identical (Spearman rho = 0.92, Fig-

ure S6D). Because we used training examples fromSynGO, we adopted the same definition of synapse proteins as SynGO to include

both proteins that are enriched and also proteins that are simply present at the synapse without enrichment.
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Molecular Features of Gene-Gene Similarity
The pairwise similarity for all pairs of human genes expressed in the brain was scored using a molecular features matrix (see also

Figure 3A. A diverse panel of 60 molecular features was assembled from public data (https://github.com/KarenYuanMei/SynSig_

Updated/tree/main/full_feature_files). Using cross-validation, 22 features were selected for the final random forest model; these fea-

turesmaximized performance in recovering known synapse genes on the cross-validation sets. See Figure 3A for the final feature list.

Synapse Similarity Score Calculation
The multi-omics screen was implemented as a random forest regression model141 trained to predict Gene Ontology (GO) Resnik se-

mantic similarity scores between gene pairs. The Resnik semantic similarity score130 provides a measure of gene-gene proximity in

GO, and is calculated by the following formula:

SimResnikðg1;g2 Þ = max ðICðtÞÞ; t˛Sðg1; g2Þ
where g1;g2 are two genes in the ontology, Sðg1;g2) is the set of all common ancestor terms shared by the two genes, and ICðtÞ is the
information content as defined by:

ICðtÞ = � log ðannoðtÞ = annoðcÞÞ
where annoðt) is the number of genes annotated to the term or its descendants and annoðcÞ is the number of genes annotated to the

root or its descendents, i.e. the total number of genes covered by the ontology. For each gene pair, the GO semantic similarity score

was calculated using the Data-Driven Ontology package (DDOT).131

Using cross-validation, the random forest model was optimized after sweepingmultiple parameters including number of trees, tree

depth, and the minimum sample split. The random forest regressor model was then trained to predict semantic similarity scores with

the molecular features for each gene pair (described above). Random forest was implemented using sklearn package in Python with

RandomForestRegressor using the optimized parameters (n_estimators=100; depth=50, min_sample_split=2; See https://github.

com/KarenYuanMei/SynSig_Updated).

Synaptic Similarity Score to Synapse Gene Identification
Model predictions of gene-gene similarity were used to classify genes as synapse or non-synapse, as follows (see also Figure 3B). To

score the synaptic potential of a target gene, we averaged the similarity scores of this target gene versus all of the positive training

examples, defining a ‘‘synaptic similarity’’ score. Genes were classified as synapse versus non-synapse depending on whether their

synaptic similarity score was above a defined threshold. Receiver Operator Characteristic (ROC) curves were computed by varying

this threshold using the consensus synapse genes as the reference. Consensus synapse genes were synapse genes confirmed by all

three databases including SynGO, SynDB, and SynSysNet. SynaptomeDB annotations were downloaded in December 2018;

SynSysNet annotations were downloaded in March 2019. Based on this ROC analysis (AUC= 0.9), we selected a score threshold

with a sensitivity value of approximately 78% and specificity of approximately 88% (Figure 3C, see also results). Genes with a syn-

aptic similarity score above this threshold were classified as a synapse gene, resulting in the Multi-Omic network of 1233 genes.

Network Analysis of Synapse Genes
Protein proximity was calculated using the human physical interaction network compiled by Mentha.121 Random walk with restart

was run on this network, resulting in proximity scores for each pair of proteins. The random walk measures both direct and indirect

interactions in the physical interaction network. Degree and eigenvector centrality were calculated using the NetworkX Python library.

Random Forest Feature Importance
Feature importance (Figure S7A) was calculated usingGini importance, as implemented by the Scikit-learn software package.132 Gini

importance measures the amount of variance reduction that each feature contributes to the random forest model. Features that are

used frequently in the random forest decision trees, and that improve prediction accuracy, receive high Gini importance.

Quantification of Co-localization in Immunofluorescence Images
Following image acquisition, the degree of colocalization between the individual channels was determined using the JACoP142 (Just

Another Colocalization Plugin) plugin in ImageJ/FiJi. Prior to analysis, images were processed identically, and consistent min/max

values were applied to all images within the experiment. Following processing, images were analyzed using JACoP and the resulting

Mander’s coefficient of colocalization was determined. Data shown reflect at least 3 independent experiments (N=3 for Ybx1; N=3 for

Ddx3x; and N=10 for Cul3).
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