Investigating the Molecular Basis of Sex-Biased Synaptic Gene Regulation in Drosophila

melanogaster

By
Andrew Joseph (AJ) Lonski

A.B. in Neuroscience, Princeton University, 2023

Thesis

Submitted in partial fulfillment of the requirements for the Degree of Master of Science

in the Graduate Program of Biotechnology at Brown University

PROVIDENCE, RHODE ISLAND

MAY 2025



AUTHORIZATION TO LEND AND REPRODUCE THE THESIS

As the sole author of this thesis, I authorize Brown University to lend it to other

institutions for the purpose of scholarly research.

4/30/2025 @/ ﬁo ndo

Andrew Joseph (AJ) Lonski, Author

Date

I further authorize Brown University to reproduce this thesis by photocopying or
other means, in total or in part, at the request of other institutions or individuals for

the purpose of scholarly research.

Date 4/30/2025 @, ﬁo’wﬁw

Andrew Joseph (AJ) Lonski, Author



This thesis by Andrew Joseph (AJ) Lonski is accepted in its present form by the Graduate

Program in Biotechnology as satisfying the thesis requirements for the degree of Master

Date 4/29/2025
Date 4/29/2025
Date 4/29/2025
Date 4/29/2025
Date

of Science.

Signature: VL\ f/k \L‘(V\

Dr. ERICA LARSCHAN, Advisor

Signature: 7< M 0 C(Slruw/b- GL&&

Dr. KATE O’CONNOR-GILES, Advisor

Signature: W

Dr. ALVIN HUANG, Reader

S g

Dr. KRISTI WHARTON, Reader

Signature:

Approved by the Graduate Council

Signature:

Dr. Thomas Lewis, Dean of the Graduate School

il



Acknowledgments

I would like to thank my advisors, Erica Larschan and Kate O’Connor-Giles, for
introducing me to the world of genetics and genomics. To all other members of my labs — you
are the best! Special thanks to the undergrads, Sophie and Liana, for guiding me through various
molecular genetics techniques. Thank you to Rajan, Jenn, Scott, and Amanda for helping me
whenever the (very) frequent question arose.

Last but not least, thank you to recently minted Dr. James Kentro. It is rare to encounter
individuals like James who are so willing to help those around them to excel. Despite the
incredible amount on his plate, he consistently and patiently guided me through both the
computational and wet-lab aspects of my research. He is the kind of researcher—and person—I
aspire to become over the course of my PhD journey at UChicago. I am very thankful to have
called him a friend over the last 2 years, and look forward to seeing him thrive as a PI one day.

To my greatest cheerleader and supporter, Byron—I love you so much. Each home
cooked meal; each late night snack; your daily kindness and care; they all allowed me to devote
myself to my research and passions. Thank you for putting up with me. I am endlessly grateful.

To my family and friends—Dan, Lillie, Jamie, Laura, Philip, Mina, Gawon, Gillian,
Kevin, Cody, Luna—Ilove you. Despite our distance, you have consistently done every/ anything
to help make my life easier. To the wonderful souls I have met at Brown and in
Providence—Sabrina, Esra, Amelia, Kaitlyn, Isabella, Ananya, Jessie, Shevaughn, Sosie,
Hannah, Emily, Karma, Sophie, Viv, Tuan, Theo, Nick and Anthony, Rob and Nelson, Jeffrey
and Jason, Mark M. and Mark L., Matty and Frank, and many others—thank you for bringing so

much joy and brightness to my life.

v



Table of Contents

SIgNAtUIE Page. .. .. i e il
ACKNOWIEAZEMENTS. ...\ttt e v
Table Of CONtENLS. ...\t e e e \%
Table Of FigUICS. ...ttt e e e vii
Table Of TaAblES . ....oiii i e X
N 0115 1o X
Chapter 1: INtrodUCHION. ...t e e e e e ee e 1

1.1 Sex differences in the brain during aging

1.2 Gene regulatory networks (GRN5)

1.3 Alternative Splicing

1.4 Using Drosophila melanogaster as a model organism

1.5 Thesis Objectives — Understanding the molecular basis for sex-specific synaptic gene
regulation during aging

1.6 Chapter 1 Figures

1.7 Chapter 1 References

Chapter 2: Differential AS of synaptic genes across development and biological sex in
Drosophila melanogaster. .......... ..o e 19
2.1 Introduction
2.2 Results
2.2.1 Characterizing global differential alternative splicing events
2.2.2 Drosophila undergo sex-specific differential splicing of synaptic genes
2.2.3 Drosophila display shared and conserved gene ontology enrichment of
differential synaptic AS events
2.2.4 Gene ontology semantic similarity analysis using hierarchical clustering
reveals distinct parental synaptic pathways
2.2.5 Synaptic transcripts and GO terms are uniquely enriched across sexes and
developmental periods
2.3 Discussion
2.4 Materials and Methods
2.4.1 RNA isolation, library preparation, and sequencing
2.4.2 Bulk RNA-seq transcriptomics
2.4.3 Data analysis
2.4.4 Code availability & resources
2.5 Chapter 2 Tables
2.6 Chapter 2 Figures
2.7 Chapter 2 References

Chapter 3: The evolutionary conservation of temporally-coordinated synaptic gene
expression in human Cells...... ..o 63
3.1 Introduction
3.2 Results
3.2.1 Global synaptic gene ortholog expression is temporally coordinated across



various stages of human cerebral organoid development
3.2.2 Chromatin accessibility at synaptic gene loci in human cells oppose
Drosophila developmental patterns
3.3.3 Sex-biased differentially spliced synaptic isoforms in Drosophila drive
glutamatergic neuron developmental transitions in human cortex tissue
3.3 Discussion
3.4 Materials and Methods
3.4.1 Human cerebral organoid temporal profile analysis
3.4.2 Data availability
3.4.3 Code availability & resources
3.5 Chapter 3 Tables
3.6 Chapter 3 Figures
3.7 Chapter 3 References

Chapter 4: Recap and future direCtions...........ooueiiiiiiniiii i eeeeas

4.1 Summary
4.2 Open questions
4.2.1 AS of synaptic genes across Drosophila development
4.2.2 Conserved synaptic gene expression and chromatin accessibility patterns in
Drosophila, mice and humans
4.3 Candidate transcriptional synaptic regulation - Onecut TF family
4.3.1 Experimental Design - In vivo validation of onecut
4.3.2 Preliminary Results
4.3.3 Discussion & Conclusion
4.4 Materials and Methods
4.4.1 Drosophila stocks
4.4.2 Phenotypic analysis of synapse number
4.5 Chapter 4 Figures
4.6 Chapter 4 References

N 0 157 116 2 N
APPENdiX Bl e

vi



Table of Figures

Chapter 1
Figure 1: Sexually dimorphic life spans across the animal kingdom.

Figure 2: Pathways of a GRN to downstream phenotypes.

Chapter 2
Figure 3: Differential splicing of synaptic genes across developmental stages.

Figure 4: Differential splicing of synaptic genes across sexes.

Figure 5: Third instar male vs female gene-concept network of differential synaptic AS
events.

Figure 6: Adult male vs female gene-concept network of differential synaptic AS events.

Figure 7: Hierarchical tree plot of synaptic AS GO annotation across all sub-ontologies for
adult males vs. females using JC similarity.

Figure 8: Hierarchical tree plot of synaptic AS GO BP sub-ontology terms for adult males
vs. females.

Figure 9: Shared and unique synaptic transcripts and GO terms across 4 comparisons.

Figure 10: Tree plots of unique GO terms across each sub-ontology for adult male vs.
female comparison.

Figure 11: Structure of nAChRalpha7-RE and nAChRalpha7-RA transcript isoforms.
Figure S1: GO pathways of synaptic isoforms are differentially enriched within each sex.
Figure S2: Resnik and Wang similarity methods cluster together in low-dimensional space.
Figure S3: Bulk RNA-seq data processing and downstream analysis pipeline.

Chapter 3
Figure 12: Broad temporal coordination of synaptic gene expression in Drosophila and
mouse.

Figure 13: Average expression scores of the 332 coordinately expressed synaptic gene
orthologs across a day 22 to 101 time-series sScRNA-seq dataset.

Figure 14: Average expression scores of the 332 coordinately expressed synaptic gene
orthologs across an EB to 8 months time-series sScRNA-seq dataset.

Figure 15: Average expression scores of the 332 coordinately expressed synaptic gene
orthologs across a 23 days to 6 months time-series sScRNA-seq dataset.

Figure 16: Average expression scores of the 332 coordinately expressed synaptic gene
orthologs across a day 4 to 61 time-series sSCRNA-seq dataset.

Figure 17: Average chromatin accessibility scores of the 332 coordinately expressed
synaptic gene orthologs across a day 4 to 61 time-series sSCATAC-seq dataset.

Figure 18: Example OT modeling of cell developmental process at various time points #,, t,,
and ;.

Figure 19: scMultiNODE trajectory inference analysis on human cerebral cortex dataset.

10

37
39

40
41

42

43
45

46
48
49
51
52

77

78

79

80

81

83

85
86

vii



Figure S4: SLM algorithm pseudocode.

Figure S5: Single-cell human data processing and downstream analysis pipeline.
Figure S6: Representative scMultiNODE model architecture and overview.
Figure S7: scMultiNODE algorithm pseudocode.

Chapter 4
Figure 20: Crossing schemes for onecut-A and GFP-RNAi control lines.

Figure 21: Representative confocal images of Drosophila melanogaster third instar larval
NMJ4 A4.

Figure S8: Crossing schemes for onecut-B and GFP-RNAi control lines.
Figure S9: Third instar larvae microdissection steps.

87
88

&9
90

107

108
109
110

viii



Table of Tables

Chapter 2
Table 1: Significant differential AS of synaptic genes between adult males and females

Table 2: Pearson/Spearman correlations for semantic similarity matrices across GO
sub-ontologies using JC, Resnik and Wang methods

Chapter 3

Table 3: Number of analyzed cells across developmental time points from Sebastian et al.

(2023) dataset
Table 4: Number of analyzed cells across developmental time points from Zenk et al.
(2024) dataset

Table 5: Number of analyzed cells across developmental time points from Uzquiano et al.

(2022) dataset

Table 6: Number of analyzed cells across developmental time points from Fleck et al.
(2022) dataset

Table 7: Number of analyzed human cerebral cortex cells across developmental time
points from Zhu et al. (2022) dataset

Appendix A: Top 332 human synaptic gene orthologs
Appendix B: Top 332 human random gene orthologs

53

53

91

91

91

91

91

116
128

X



Abstract of INVESTIGATING THE MOLECULAR BASIS OF SEX-BIASED SYNAPTIC GENE
REGULATION IN DROSOPHILA MELANOGASTER, by AJ LONSKI, ScM, Brown University,
May, 2025.

Motivation: Many higher-order organisms display sexually dimorphic traits, specifically,
sex-biased lifespan and aging phenotypes. There are several potential explanations for these
phenomena—one of which involves the complex interplay between genes, transcription factors,
and epigenetic markers to regulate various cellular and biological processes. Due to the
complexity of the brain, sex-biased aging remains poorly understood, especially at the neural
level.

Objective: Within this thesis, I had two primary objectives—To characterize sex-biased
alternative splice isoforms of synaptic genes across two major Drosophila melanogaster
developmental stages, and determine whether the temporally coordinated pattern of synaptic
gene expression and chromatin accessibility observed across D. melanogaster and M. musculus
(mouse) CNS development is evolutionarily conserved in human brain-derived cells.

Methods: For my first objective, I performed bulk RNA-sequencing analysis and transcriptome
alignment on wild-type third instar and adult, male and female Drosophila. Next, 1 identified
high-matching human orthologs of several synaptic genes that appear to be
coordinately-regulated across both Drosophila and mouse development, and then analyzed
time-series SCRNA-seq and scATAC-seq data of roughly 650,000 human-derived cells.

Results: 1 identified differential alternative splicing of genes associated with synaptic
development and differentially enriched gene ontology pathways between biological sexes and
across two major developmental stages. Separately, I found similar patterns of synaptic gene
expression observed in flies and mice in several human cerebral organoids, but a unique pattern

of chromatin accessibility only present in human cells.



Conclusions: While there appear to be clear sex-biased splicing differences between biological
sexes in D. melanogaster at the bulk level, future studies should expand splicing analysis across
the entire continuum of Drosophila development, as well as integrate single-cell multiomics.
Interestingly, chromatin accessibility appeared to oppose synaptic gene expression across
developmental stages in human cells, suggesting a potential unique mechanism of transcription
factor binding and subsequent remodeling of 3D genomic architecture during human
development—one that should be investigated using paired multi omics integration. A future
study that I have outlined and obtained preliminary results for will characterize the functional
consequences of knocking down omecut, a candidate transcriptional regulator of synaptic
development in Drosophila, through in-vivo analysis of the third instar larval neuromuscular

junction.
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Chapter 1: Introduction

1.1 Sex differences in the brain during aging

Across the animal kingdom, we observe sexual dimorphism in aging, longevity, and the
regulation of developmental processes. In several mammalian species, including humans, female
lifespan is often significantly longer than that of their male counterparts (Austad and Fischer
2016; Lemaitre et al. 2020). The extended biological age of female humans corresponds to
specific molecular biomarkers, whose features have been used to predict aging trajectory (Hagg
and Jylhdva 2021). In some species, the difference in longevity between sexes is more extreme,
as in the case of female short-finned pilot whales, which live twice as long as their male
counterparts (Kasuya 1984).

There are several theories as to why we observe these sex-biased differences in lifespan
and aging. Notably, the “unguarded X and “toxic Y hypotheses argue that differences in
lifespan and aging between biological sexes arise due to differences in chromosomes (Connallon
et al. 2022). Specifically, a reduced chromosome in the heterogametic sex (i.e., XY sex
chromosomes in human males) exposes the other sex chromosome to deleterious, recessive
mutations (Bosserman 1985). This exposure, in turn, leads to differences in lifespan, with
homogametic species (i.e., XX sex chromosomes in human females) often outliving their
heterogametic counterparts (Xirocostas et al. 2020) (Figure 1). Others posit that increased sexual
competition within the same sex accelerates senescence due to increased resource investment in
mating (Grunst et al. 2018). Disentangling the role of epigenetic alterations in differential aging
and lifespan from other biological processes has also provided insight into sexual dimorphism.
Steve Horvath, notably, has developed several DNA methylation-based ‘epigenetic clocks’,
which predict biological age with tissue and cell-type specificity and can even generalize across

different species (Horvath 2013; Horvath and Raj 2018). Others have used single-nucleotide



(sn)RNA-seq data to predict biological age with cell-type specificity in the fruit fly Drosophila
melanogaster (Lu et al. 2023). While much work has been done to explore the mechanistic
components of sex-biased aging, a robust framework that integrates the various aspects of both
healthy and dysfunctional aging processes remains to be developed.

A fascinating aspect of sexual dimorphism in humans is the difference in age-related
dysfunction and the manifestation of neurodegenerative diseases. For example, elderly females
are significantly more likely to develop Alzheimer’s Disease (AD) than elderly males, and this
risk continues to increase with age (Niu et al. 2017). At the same time, amyotrophic lateral
sclerosis (ALS), a progressive neurodegenerative disease that impacts motor function, has a
higher incidence in males than in females (McCombe and Henderson 2010). More confusingly,
the symptoms and progression of neurodegeneration may also differ between sexes. The
prevalence of multiple sclerosis (MS) is higher in females (Koch-Henriksen and Serensen 2010;
Trojano et al. 2012), but males that develop MS will deteriorate faster (Voskuhl and Gold 2012;
Lopez-Lee et al. 2024). The regulatory machinery underlying these sex-based differences in
aging and neurodegeneration remains unclear, leading some contemporary researchers to pursue

gene regulatory network (GRN) inference.

1.2 Gene regulatory networks (GRNSs)

Given the complexity of coordinating tissue-specific and systems-level developmental processes,
a potential driver of sex-biased aging is gene regulatory networks. A GRN is a graph-based
model that describes how different molecular signals interact with one another to regulate gene
expression. At the cellular level, transcriptional machinery, such as enhancers and silencers,
work together to temporally regulate transcription factor (TF) binding at mRNA sites (Levine

and Davidson 2005). The binding of pioneer TFs to chromatin, which alters chromatin



accessibility by nucleosome displacement, allows other TFs to bind to the newly opened
chromatin, thereby increasing (or decreasing) gene transcription by a promoter. Through the
binding of different TFs to DNA, combined with other regulatory factors, mRNA (and
subsequently protein) can be synthesized from DNA (Figure 2).

In a GRN, the combinatorial interaction between genomic enhancers and TFs may be
represented through a larger node-based network structure, allowing for the characterization of
large regulatory regions across the genome (Emmert-Streib et al. 2014; Janssens et al. 2022).
Eftfectively, genes/TFs are represented as nodes, while edges are the regulatory interactions
between genes (Badia-I-Mompel et al. 2023). This graph-based representation, coupled with
computational modeling, can provide meaningful information underlying highly specific gene
regulation. For instance, a study of bulk mouse tissue found sex-specific gene expression by cell
type, which is mediated by specific GRN interactions (Villa et al. 2018; Lopez-Lee et al. 2024).
At the single-cell resolution, GRNs provide a way to interpret how the activity of developmental
trajectories (such as neurogenesis) are regulated in cellular subpopulations (Janssens et al. 2022).
This approach is able to capture nonlinear chromosomal or long-range gene-gene interactions
(Miele and Dekker 2008), and can be integrated with 3D chromatin structure to provide insight
into the regulatory role of 3D genome structures (Badia-I-Mompel et al. 2023; Pancaldi 2023).
Through GRN inference and subsequent pathway validation, we may be able to better understand

observed sex differences in aging.

1.3 Alternative Splicing (AS)
Another regulatory aspect of gene expression is alternative RNA splicing (AS), a process by
which a single gene is able to produce multiple different mRNA products (and subsequent

protein products). In the AS process, a ribonucleotide complex called the spliceosome removes



the intronic region from pre-mRNA through catalytic cleavage of the 5’ splice site (Angarola and
Anczukdéw 2021). The spliceosome, together with regulatory splicing factors and several other
types of inputs, generates specific mature mRNA isoforms depending on which exons are
skipped. As a result of specific dosage or regulatory inputs, seven main splicing event types may
arise: skipping exon (SE), alternative 5°/3” splice sites (A5/A3), mutually exclusive exons (MX),
retained intron (RI), and alternative first/last exons (AF/AL) (Blencowe 2006; Wang et al. 2015).
These local AS events, in turn, are mediated by epigenetic, transcriptional, and post-translational
modifications (PTMs) across development (Angarola and Anczukéw 2021).

In humans, 95% of all genes undergo AS, with aberrant splicing machinery contributing
to neurodegenerative disease and age-related dysfunction (Pan et al. 2008; Wang et al. 2008;
Scotti and Swanson 2016; Deschénes and Chabot 2017; Angarola and Anczukéw 2021). For
example, depletion of the nuclear-binding protein TDP-43, a pathological hallmark of amyloid
lateral sclerosis (ALS) and frontotemporal dementia (FTD), leads to non-conserved cryptic exon
splicing, disrupting translation and promoting nonsense-mediated decay (Ling et al. 2015). It is
also apparent that many sexually dimorphic traits that are observed in mammalian species may
arise due to differences in alternative splicing. A bulk transcriptomic analysis of human brains
identified sex-biased exon usage (Kang et al. 2011). Similarly, bulk RNA-seq tissue from the
Chinese horseshoe bat brain revealed differentially expressed genes (DEGs) and splice isoforms
between sexes, with functional roles in sexually dimorphic physiological processes and RNA
splicing regulation, respectively (Chen et al. 2023). While informative, it is difficult to isolate the
regulatory impact of an individual gene/transcript in mammalian systems due to longer lifespans
and greater tissue diversity, especially at the single-cell resolution (Chen et al. 2019). Therefore,

studying the AS isoforms in well-characterized model organisms, like Drosophila melanogaster,



at multiple developmental time points could provide better insight into sex-biased biological and

epigenetic mechanisms.

1.4 Using Drosophila melanogaster as a model organism
Drosophila melanogaster 1s a powerful model organism to better understand the mechanisms of
observed differences between biological sexes across aging and developmental stages, especially
with our understanding of the Drosophila dosage compensation complex (DCC). While the (sex)
chromosomal differences between biological sexes would normally cause a lethal imbalance in
gene expression, the DCC addresses this otherwise lethal change through transcriptional
regulation of the male X chromosome (Marin et al. 2000; Conrad and Akhtar 2012). The
Drosophila DCC comprises the proteins MSL1, MSL2, MSL3, MOF, and MLE, and long
non-coding RNAs roX1 and roX2 (Kuroda et al. 2016; Samata and Akhtar 2018; Tikhonova et
al. 2022). In Drosophila, the MSL complex regulates genes on the X chromosome differentially
based on the X/A chromosome ratio. The presence of a single X chromosome (in the case of
biologically sexed males) prevents translation of the female-specific RNA-binding gene, Sex
lethal (SxI). Without this expression, a regulatory cascade allows for the targeting of ms/2 mRNA
and remodeling of the chromatin landscape through the DCC (Lucchesi and Kuroda 2015). In
male flies, the MSL complex of the DCC up-regulates global H4K 16ac acetylation—binding
chromatin and enhancing gene expression—on the single male X chromosome. In the case of
females, the Sx/ gene expresses SXL, preventing ms/2 mRNA and DCC recruitment.

This differential regulation of sex chromosomes in Drosophila, combined with observed
differences in lifespan between sexes, suggests that there are genetic and/or epigenetic drivers
that function in a sex-specific manner. For instance, the loss of global heterochromatin has been

observed across numerous species as a hallmark of aging. A study by Brown et al. revealed



disproportionately greater misexpression on the Drosophila Y chromosome during aging and the
disappearance of repressive chromatin from pericentromeric regions and the Y chromosome
(Brown et al. 2017). After generating XXY females, X0 males, and XYY males, the researchers
directly correlated chromatin de-repression and average lifespan with Y chromosome number
(Brown et al. 2017), suggesting the existence of sexually dimorphic regulatory mechanisms.

Recent evidence has demonstrated that chromatin-linked adapter for MSL proteins
(CLAMP), a zinc-finger pioneer transcription factor, undergoes synergistic binding with the
MSL complex, even promoting long-range interactions on the Drosophila male X-chromosome
(Jordan and Larschan 2021). Interestingly, sex-specific alternative splicing has been shown
across the Drosophila genome during the period of early embryogenesis. CLAMP-dependent
differential expression and gene splicing occur in both the embryonic and third instar larval
stages, suggesting CLAMP’s context-specific dual role in splicing and transcription (Ray et al.
2023). Moreover, researchers found that CLAMP regulates alternative splicing of the sx/
transcript and SxI protein expression in females, reinforcing its role in sex-specific DCC
regulation. While important on its own, CLAMP interacts with other regulators, like the pioneer
TF Zelda, to activate the Drosophila zygotic genome and remodel chromatin accessibility at
embryonic promoters (Duan et al. 2021). Additionally, the CLAMP and MLE interaction
influences MSL protein binding in Drosophila and drives male-specific DCC recruitment (Albig
et al. 2019; Tikhonova et al. 2022; Eggers et al. 2023; Tikhonova et al. 2024).

Multimodal genomic analysis has revealed CLAMP and DEAF]1 as key repressors of 485
genes important to synaptic development and function that are coordinately-expressed across
Drosophila developmental stages (Kentro et al. 2024). By genes important to synaptic
development and function I refer to scaffolding molecules, synaptic vesicle tethering machinery,

cell adhesion molecules, neurotransmitter receptors and transporters, and ion channel



transporters—from henceforth, I will refer to these synaptic effector genes simply as “synaptic
genes” in the context of my analysis. While insightful, it is still unclear how this synaptic gene
activation and repression are temporally coordinated in Drosophila, given the combinatorial
interaction of multiple TFs and genes. In investigating the gene regulatory basis of sex-biased
aging, researchers have identified several candidate synaptic transcriptional regulators

(Bayarmagnai et al. 2012; Leyva-Diaz and Hobert 2022; Kentro et al. 2024).

1.5 Thesis objectives — Understanding the molecular basis for sex-specific synaptic gene
regulation during aging

The advent of multi-omics data analysis may provide insight into the genetic and epigenetic
regulatory mechanisms that underlie synapse maintenance and, thus, neurodegeneration and
aging. Within the scope of this thesis, I pursued two main aims. First, I sought to identify
transcript variability and differential alternative splicing of synaptic genes and how these
differences differed across sexes and development. To do so, I utilized bulk RNA-seq data from
adult and third instar larval Drosophila melanogaster brains to identify differential splicing
across the genome, and then quantifying how synaptic genes are differentially expressed. By
comparing the types of local splicing events across developmental stages and across conditions, I
provide a comprehensive characterization of sex-biased synaptic splicing isoforms in
Drosophila.

A second goal of this project was to characterize temporal aspects of synaptic gene
regulation in more advanced model organisms. Kentro et al. found that temporally coordinated
synaptic gene expression regulates neuronal connectivity across Drosophila development, and
this temporal coordination is evolutionarily conserved in mice (Kentro et al. 2024). Due to the

conservation of temporally coordinated synaptic gene expression in both Drosophila and mice, |



sought to characterize gene expression in human synaptic orthologs across the developmental
stages of human cerebral organoid samples at the single-cell resolution, thereby reinforcing the
conserved mechanism of temporally coordinated synaptic gene regulation across development in
both invertebrate and mammalian species.

At the end of my thesis, I discuss the TF onecut as a candidate regulator of synaptic
development and maintenance across Drosophila development (Kentro et al. 2024). To better
understand the functional role of onecut in synaptogenesis and synaptic maintenance in
Drosophila, 1 generated a knockdown of onecut with RNA interference (RNAi) and conducted in
vivo validation. By quantifying the synapses within third instar larval NMJ, future studies

determine whether and how onecut regulated synaptic bouton growth and morphology.
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homogametic sex dies earlier heterogametic sex dies earlier
< ~
\ /

¢ female heterogametic
male heterogametic

........

4
* ®

Tee i) X 3N I

0 0.5 1.0 1.5
log ratio of lifespan
In(homogametic/heterogametic)

Figure 1: Sexually dimorphic life spans across the animal kingdom. Phylogenetic clustering
from primates to insects reveals that male heterogametic sex generally dies earlier than female
heterogametic sex in a given species. Adapted from Xirocostas et al. (2020).
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Chapter 2: Differential alternative splicing of synaptic genes across development and

biological sex in Drosophila melanogaster

2.1 Introduction

A fascinating biological mechanism of many eukaryotic organisms is the ability for a single gene
to encode several different proteins. The process by which this mechanism is achieved is called
alternative splicing (AS), where a single gene produces several distinct splice isoforms through
different exon-joining combinations. These splice isoforms, or mRNA transcripts, in turn, can
produce distinct protein structures through translation. In humans, AS impacts 95% of genes
(Pan et al., 2008), and errors in this splicing process appear to mediate neurodegeneration and
abnormal aging (Wang et al., 2008; Scotti & Swanson, 2016; Deschénes and Chabot, 2017;
Angarola and Anczukow, 2021).

Interestingly, sex-biased gene expression and alternative splicing have been observed in
humans and several other mammalian species (Kang et al., 2011; Villa et al., 2018; Chen et al.,
2023; Lopez-Lee et al., 2024). The characterization of splicing behavior across developmental
time points may reveal an important function for temporally coordinated splicing in sex-biased
aging and development. Specifically, I aimed to investigate and quantify splicing differences
between D. melanogaster males and females, from third instar larvae and adult flies, which may

provide insight into sex-biased synaptic gene dysregulation during the process of aging.

2.2 Results

2.2.1 Characterizing global differential alternative splicing events

To establish a broad view of sex and developmental-specific splicing differences, I began by
quantifying genome-wide differential alternative splicing (AS) events from the bulk tissue of D.

melanogaster male and female third instar larvae and adults. I aligned the bulk data using
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Spliced Transcripts Alignment to a Reference (STAR), given its ability to precisely detect splice
junctions (Dobin et al. 2013). Following alignment, I used RSEM to quantify transcript per
million (TPM), SUPPA to first convert TPM to percent spliced in (PSI) for each type of local AS
event, and then computed the differential PSI (APSI) between sexes and across development. I
defined genome-wide “significant” differential splicing events with |APSI| > 0.2 and p < 0.05.

I observed 1822 differential splicing events between third instar and adult males, with
mutually exclusive (MX) AS occurring most frequently, and 433 events in females. Between
sexes, third instar males and females demonstrated 58 differential AS events, while adult male
and female flies demonstrated a greater amount of differential AS events at 93, indicating an
increase of AS events with age. These results confirmed both global sex- and
development-specific splicing events, prompting me to investigate whether differential splicing

occurs in synaptic genes.

2.2.2 Drosophila melanogaster undergo sex-specific differential splicing of synaptic genes
After my genome-wide differential splicing analysis, I sought to identify and quantify the
differential splicing of synaptic isoforms across sexes and developmental stages. To investigate
this, I focused on a subset of synaptic genes that were previously observed to be temporally
regulated across D. melanogaster development—I filtered the genome-wide dPSI data for 1765
transcripts generated using a list of 485 synaptic genes (Kentro et al., 2024). I initially used the
same genome-wide significance thresholds of [APSI| > 0.2 & p-value < 0.05 to quantify synaptic
dPSI, but I relaxed the threshold to |APSI| > 0.1 & p < 0.05 to identify more synaptic AS events
for downstream analysis.

I found 195 differentially spliced synaptic isoforms from third instar to adult males, while

only 56 synaptic AS events between third instar and adult females (Figure 3). The observed
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difference in synaptic AS events between biological sexes appeared to reflect the genome-wide
reduction in AS for females. In comparing biological sexes, I found 2 differential AS events
between third instar males and females, with upregulation of both events in male larvae: |
observed an SE event for CG42268 and an A5 event for dpr3. I observed six differential synaptic
AS events between adult males and females (Table 1, Figure 4). Unlike the third instar larval
stage, adult males and females each underwent upregulated splicing of three genes.

Interestingly, nAChRa7 appears to undergo the same RI event type in adult males and
females but at different coordinates on the X chromosome: 19328554-19329933
(female-upregulated) and 19347638-19348447 (male-upregulated). Due to this regional
difference, I then mapped the genomic coordinates of nAChRa7 to its unique mRNA transcript,
identifying the female-upregulated transcript as FBtr0301835 (nAChR«a7-RE). Since the
genomic coordinates of the male-upregulated AS event differed, I found that either FBtr0301835
(nAChRa7-RE) or FBtr0074680 (nAChRa7-RA) could be transcribed. The observed differential
splicing events of synaptic genes, particularly nAChRalpha7 and dpr3, encouraged me to explore
the functional consequences of various splice isoforms (i.e., the male-upregulated transcript
nAChRa7-RA and female-upregulated transcript nAChRa7-RE). I next examined the biological
roles of these differentially spliced genes by performing gene ontology (GO) enrichment

analysis.

2.2.3 Drosophila display shared and conserved GO enrichment of differential synaptic AS
events

After identifying several unique synaptic splice isoforms across conditions, I next sought to
identify GO annotation across the three major sub-ontologies: Biological Processes (BP),

Cellular Components (CC), and Molecular Functions (MF). To do so, I performed
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Benjamini-Hochberg (BH) adjustment (Benjamini and Hochberg, 1995) across all genes with
significant differential AS events and then filtered for the list of differentially spliced synaptic
events identified in the previous section. As expected, I identified differentially enriched GO
pathways between third instar and adult males, as well as third instar and adult females (Figure
S1). Generally, the most significant GO annotations were involved in synaptic processes (adj.
p.value < 0.001). Intuitively, the observation of many synaptic processes makes sense due to the
reconfiguration of the CNS when moving from the third instar larval stage to adulthood. I
additionally constructed heat maps of the unique splice isoforms within each enriched pathway
and their corresponding gene. When comparing third instar to adult males, I found that cpx,
nSyb, Rim, and Sytl splice isoforms were present across the most enrichment pathways (Figure
S1). The enrichment from these four genes also spanned the most GO categories in the third
instar to adult female differential splicing comparison.

I also observed differential GO enrichment when comparing between sexes at each
developmental timepoint. For the third instar male vs female comparison, I identified six
differential GO categories extending from the gene dpr3. To visualize this functional enrichment
analysis, I generated a gene-concept network that plots the linkage between identified genes and
GO enrichment terms (Figure 5). In the adult male vs female comparison, 51 differential GO
annotations were observed from the 6 synaptic differential AS events identified in section 2.2.2. I
generated a gene-concept network of the top 20 most enriched GO terms and 6 synaptic genes,
revealing differentially enriched pathways for many different types of synaptic and sensory
processes (Figure 6). Interestingly, I found that several of the top 20 GO terms were related to
vision, such as detection of light stimulus, phototransduction, response to light stimulus, and

visual behavior. While valuable in providing pathway information, I remained unclear as to how
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these GO terms grouped into broader pathway categories—Ileading me to pursue semantic
similarity analysis.
2.2.4 GO semantic similarity analysis using hierarchical clustering reveals distinct parental
synaptic pathways
Due to GO term enrichment occurring across a diverse set of pathways, I became interested in
identifying larger pathways that encompassed the total differential GO annotations between adult
males and females. To further synthesize the functional relevance of the synaptic AS events, |
implemented Gene Ontology Semantic Similarity Analysis (GOSemSim), allowing me to cluster
GO terms into larger, more interpretable categories. GOSemSim is a method that computes
semantic similarity between GO terms through information content (IC) or graph-based methods
(Gan, 2014; Yu, 2020). Each of the three major sub-ontology groups (BP, MF, CC) are
represented as directed acyclic graphs (DAGs), where nodes represent GO terms and edges
between nodes represent a parent-child relationship. Prior comparative analysis of GO semantic
similarity measurements has revealed best-use cases for each metric type (Cheng et al., 2019;
Xue et al., 2023), leading me to investigate several different implementations. I computed a
semantic similarity matrix across all nodes, testing three different similarity metrics: the Jaccard
correlation coefficient (JC), IC-based Resnik similarity, and graph-based Wang similarity (see
section 2.4.3). Taking these similarity matrices, I then implemented the hierarchical clustering
algorithm ward D2, to produce a functional grouping tree diagram of five overarching GO
categories spanning all annotations. As only 6 GO terms were identified from differential
splicing events in the third instar male vs female comparison, I limited this hierarchical
clustering method to the adult male vs female comparison.

I initially used JC to construct a hierarchical tree diagram combining the top 30 GO terms

(ranked by BH-adjusted p-value) for all three GO sub-ontologies (BP, MF, CC) (Figure 7). My
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hierarchical clustering analysis revealed larger categories of spine postsynaptic synapse
potential, amine metabolic catabolic process, neuron projection membrane, and C-activating
component carbon dioxide. Interestingly, response to light stimulus was placed in its own
semantic category, despite the other visual-related pathways clustering within the pathway
C-activating component carbon dioxide. As comparison for this JC-based hierarchical clustering,
I implemented the Resnik and Wang methods, which are GO sub-ontology-specific—requiring
me to develop tree diagrams for each of the BP, MF and CC pathways. For BP, Resnik and Wang
identified slightly different groups than one another, but collectively differed from JC (Figure 8).
After confirming the overlap in BP-specific GO categorization using Resnik and Wang, |
asked whether the two methods co-correlated, and how they differed from the JC similarity
matrix. [ performed principal component analysis (PCA), t-distributed stochastic neighbor
embedding (t-SNE), and uniform manifold approximation projection (UMAP), comparing the
three methods (Figure S2). PCA indeed confirmed that Resnik and Wang captured similar
low-dimensional representations of the data that were distinct from JC, with PC1 and PC2
capturing 45% of the variance of the data. Running t-SNE and UMAP with the first 2
components revealed similar findings. After visualization, I computed the Pearson and Spearman
correlations between the similarity matrices of the JC, Resnik and Wang methods (Table 2). The
Resnik-Wang methods had a Pearson correlation of 0.9131 and a Spearman correlation of
0.8696, once again reinforcing their classification similarity. On the other hand, Resnik-JC had a
Pearson/Spearman correlation of 0.2354/0.2654, and Wang-JC had a Pearson/Spearman
correlation of 0.1895/0.2517. This distinction of Resnik and Wang from JC, as well as their
specific development for GO semantic similarity, suggest that their identified clusters possess

greater biological interpretability.
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I also performed the same clustering analysis workflow for the CC and MF pathways,
once again identifying similarities between Resnik and Wang—both distinct from the JC
similarity matrix. Interestingly, Resnik and Wang correlated far less with each other for CC
(Spearman correlation = 0.3461) and MF (Spearman correlation = 0.3696) than in BP (Table 2).
While the overall correlation between Resnik and Wang were much lower for the CC and MF
pathways, there were several potential explanations for this observation. Firstly, BP contained a
much higher proportion of identified GO terms than the MF pathway. Prior research found the
Resnik metric to perform best for protein-protein interaction (PPI) network BP annotation
clustering (Xue et al., 2023), in line with my own BP pathway enrichment observations using
differentially spliced transcripts. Compared to BP, the CC and MF pathways contain
demonstrably less DAG depth for D. melanogaster (Buza et al., 2008). While Resnik relies on IC
and considers MICA, Wang relies on structural proximity within a given DAG (see section
2.4.3). Given this discrepancy in DAG representation and subsequent less common ancestors for
terms, it is plausible that Resnik and Wang would assign CC and MF-associated terms

differently, as I observed.

2.2.5 Synaptic transcripts and GO Terms are uniquely enriched across sexes and
developmental periods

To build upon the clustering method of the enriched GO pathways, I next asked whether the
synaptic transcripts and their corresponding GO terms were unique to each developmental- or
sex-based differential splicing comparison. In doing so, I could better clarify the specific context
in which certain types of synaptic AS events occur. I quantified the shared and unique synaptic
transcripts across each comparison, defining “unique” isoforms as those that were significantly

differentially spliced only in their respective comparison. I identified 42 unique splice isoforms
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for the male larval vs adult comparison, 19 isoforms for the female larval vs adult comparison, 3
terms for the adult male vs. female comparison, and no unique transcripts for the third instar vs
female comparison (Figure 9A). For adult males vs. females, I identified Fbtr0301835
(nAChRa7-RE), Fbtr0074680 (nAChRa7-RA), and Fbtr0082549 (dpr15-RA) as unique
transcripts, with nAChRa7 and dprl5 once again appearing as in prior sections.

In addition to finding unique synaptic transcripts across % conditions, I also quantified
the unique synaptic GO annotations per comparison. As in the case above, I “defined” unique
GO annotations as those only present within their respective comparison. I identified 87 unique
GO annotations for the male larval vs adult comparison, 11 unique terms for the female larval vs
adult comparison, 3 unique terms for the third instar male vs. female comparison—and
interestingly—45 unique terms for the adult male vs female comparison (Figure 9B). Given the
large difference in significant differential synaptic AS events between the developmental stages
(larval vs adult females and adult males vs. females), I expected the adult male vs. female
comparison to have far fewer annotated GO terms. To better visualize the unique GO terms in
each condition, I generated tree maps using REVIGO (Supek et al., 2011) for each sub-ontology,
where the log fold change of a term (enrichment) corresponds to its area size. After removing
redundant or obsolete GO terms, as well as condensing several GO terms into their parental
pathway, [ was left with three distinct tree maps (Figure 10). Within BP, I found unique
enrichment of several signaling and metabolic pathways: phospholipase C-activating G
protein-coupled receptor signaling pathway, amine metabolic process, cellular biogenic amine
catabolic process, ammonium ion metabolic process (Fig. 10A). Within CC, I identified several
receptors and signaling complexes, like plasma membrane signaling receptor complex, GTPase
complex and (synaptic) receptor complex (Fig. 10B). Finally, MF contained terms from different

regulatory and binding domains (Fig. 10C).
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When considered together, these comparative analyses revealed that synaptic splice
isoforms and their corresponding GO pathways are uniquely enriched, dependent on both
biological sex and stage of development. The disproportionately greater number of unique GO
annotations within the adult male vs. female comparison suggests that differences in synaptic AS
become exacerbated as Drosophila develop in a sex-specific manner. In turn, these results

highlighted a potential regulatory role of AS in sex-biased neuronal development and aging.

2.3 Discussion

In this chapter, I profiled AS of global and synaptic genes across developmental time points and
between biological sexes in Drosophila melanogaster. 1 identified distinct patterns of
differentially spliced synaptic isoforms and enriched GO pathways across all comparisons.
Notably, nAChRa7-RE, nAChRa7-RA, and dpr15-RA emerged as uniquely spliced synaptic
isoforms in the adult male vs. female condition.

Alternative splicing impacts almost all of the genome, with a crucial role in promoting
molecular diversity. Dysfunctional AS mechanisms have been implicated in several sex-biased
neurodegenerative and neurodevelopmental disorders. In both mice and humans, the X
chromosome is enriched for neuronal genes, with aberrant enrichment linked to neurological
issues, aging-related pathology, and neurodegeneration (Davis et al., 2021). While the
mechanism of dosage compensation is evolutionarily conserved across mammalian and
invertebrate species—the regulatory impact of the DCC in the adult brain remains poorly
understood. Given this uncertainty and the sexually dimorphic AS patterns observed in this
chapter, investigating alternative splicing in Drosophila serves as a powerful model for

determining how AS may contribute to neuronal dysregulation in the aging brain.
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The nicotinic acetylcholine receptor subunit a7 (nAChRa7) is a ligand-gated ion channel
with a significant role in acetylcholine-gated monoatomic cation-selective transport and,
therefore, cholinergic signaling as a whole. In humans, its encoding gene CHRNA?7 has a
prominent role in the cholinergic anti-inflammatory pathway (Pohanka, 2012), with roles in pre-
and postsynaptic neuronal signaling processes, dendritic development, and synaptic plasticity
(Broide and Leslie, 1999; Fayuk and Yakel, 2007; Wallace and Porter, 2011). Post-mortem
analysis of the human brain has revealed altered nAChRa7 function in the hippocampus of
schizophrenia and AD patients (Freedman et al., 1995; Guan et al., 2001), and differential
expression of various nAChR subunits has been reported in in the peripheral cells of AD and
Dementia with Lewy bodies (DLB) patients (Costantini et al., 2023). Interestingly, increased
cerebral nAChRa7 distribution across several major brain regions is associated with healthy
aging in humans, as shown through a positron emission tomography (PET) study (Coughlin et
al., 2018), underscoring the regulatory role of nAChRa7 over the course of development and
aging.

Beyond human studies, the dysregulation of nAChRa7 is associated with accelerated
cognitive decline in AD mouse models and reduced expression in Parkinson’s disease dementia
(PDD) mice (Pan et al., 2020; Izuo et al., 2023). In Drosophila, recent studies of AD models
have found that the human AT peptide inhibits astrocytic nAChRa7, thereby impairing memory
formation by preventing H,O, synthesis (Rabah et al., 2025). By altering this
astrocyte-to-neuron signaling, neuronal protection from reactive oxygen species (ROS)-related
damage becomes inhibited, impairing long-term memory formation in the mushroom body
(Rabah et al., 2023; Rabah et al., 2025). Furthermore, in mice, conditional deletion of nAChRa7

in GABAergic interneurons resulted in male-sex-specific decreased postnatal neurogenesis,
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social behaviors, and memory, emphasizing the role of the receptor in sex-specific brain
development (Otto et al., 2020).

To my knowledge, no prior studies have investigated the role of aberrant nAChRa7
splicing and transcript isoforms—specifically nAChRa7-RE and nAChRa7-RA—in the context
of development and aging. Although quite structurally similar, the two transcript isoforms
exhibit distinct splicing differences: the nAChR«a7-RE variant is 4214 base pairs (bp) and
contains 14 exons (13 coding exons), encoding the longest protein sequence of the four
nAChRa7 variants (564 amino acids), while nAChRa7-RA has a length of 4145 bp and contains
15 exons (14 coding exons) to encode a protein of 560 amino acids (Figure 11). In the ventral
lateral neurons of Drosophila larvae, the nAchR subunits of nAChRa1 and nAChRa6 appear to
temporally coordinate cholinergic postsynaptic structures (Rosenthal et al., 2021). Based on this
observation, there may be a similar sex-specific role for nAChRa7 for synaptic development and
maintenance. Elucidating the regulatory mechanisms that drive nAChRa7 splice variants may
shed light on how sex-specific AS contributes to synaptic development and maintenance, as well
as its function in driving differential aging trajectories.

These findings raise an additional question—are such sex-biased and developmentally
unique synaptic events conserved in more complex organisms? In the next chapter, I explore the
gene expression and chromatin accessibility dynamics of human orthologs of these synaptic

genes in brain-derived cerebral organoids.

2.4 Materials and Methods
2.4.1 RNA isolation, library preparation, and sequencing
D. melanogaster third instar larvae were sexed, and their brains (optic lobes and VNC) were

dissected out in PBS in rapid succession. The larval brains (N = 12) were then immediately
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placed in RNase-free 1.5ml tubes (containing 100ul of TRIzol lysis reagent, Invitrogen, USA) on
ice. There were four biological replicates (tubes) for each genotype, with each replicate/tube
containing 12 brains. The larval brains in each tube were homogenized with a pestle. QTAGEN
RNeasy Plus Universal Mini Kit was used for the RNA extraction, and ZYMO RNA Clean &
Concentrator-25 kit was used for further purification. The RNA was eluted and confirmed for
purity and concentration via 260/280 and 260/230 ratios measured using a Thermo Scientific
NanoDrop One®. Illumina libraries were prepared and sequenced at Novogene Corporation for
150bp Poly-A selected mRNA and paired-end sequenced using an Illumina NovaSeq 6000,
targeting at least 20 million reads per sample.

Five-day-old D. melanogaster adult flies were sexed, and their brains were dissected out
in PBS in rapid succession. The adult brains (N = 25) were then immediately placed in
RNase-free 1.5ml tubes (containing 100ul of TRIzol lysis reagent, Invitrogen, USA) on ice.
There were four biological replicates (tubes for each genotype), with each replicate/tube
containing 25 brains. The adult brains in each tube were homogenized with a pestle. QTAGEN
RNeasy Plus Universal Mini Kit was used for the RNA extraction, and ZYMO RNA Clean &
Concentrator-25 kit was used for further purification. The RNA was eluted and confirmed for
purity and concentration via 260/280 and 260/230 ratios measured using a Thermo Scientific
NanoDrop One®. Illumina libraries were prepared and sequenced at Novogene Corporation for
150bp Poly-A selected mRNA and paired-end sequenced using an Illumina NovaSeq 6000,

targeting at least 40 million reads per sample.

2.4.2 Bulk RNA-seq transcriptomics

Bulk RNA-seq data preprocessing
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Raw sequencing data were run for quality check by using FASTQ/0.11.9 (Andrews, 2010).
Adapted content was trimmed with TrimGalore/0.6.10 (Krueger et al., 2023). Spliced Transcripts
Alignment to a Reference (STAR) (Dobin et al., 2013) was used for paired-end read alignment to
a Drosophila melanogaster reference genome (BDGP6.46.dna.toplevel.fa) and annotation
(BDGP6.46.111.gtf) (Oztiirk-Colak et al., 2024). STAR implements a suffix array (SA) to identify
maximum mappable prefixes (MMPs), matching the longest sequence possible against a
reference genome. The unmapped read portion is then matched to the reference genome
separately, clustered, and stitched with the first mapped alignment. In doing so, STAR finds
precise splice junction locations without a priori knowledge of splice loci (Dobin et al., 2013),
leading me to use STAR over pseudoalignment methods like kallisto (Bray et al., 2016).

Prior to alignment, a STAR genome index was generated with default settings, besides
--sjdbOverhang 99. Next, the following parameters were used for read alignment for each
processed sample (unlisted parameters were default): --runThreadN 8 --outSAMtype BAM
SortedByCoordinate --outSAMattributes NH HI AS NM MD --quantMode TranscriptomeSAM
GeneCounts. Samtools/1.16.1 (Danecek et al. 2021) was used to sort samples by left-most
alignment coordinates (-@ 32) and index for faster random access with default settings. To check
the STAR alignment QC metrics, I generated flagstat and idxstats reports for each indexed and
sorted BAM file. From Subread/2.0.2, featureCounts (Liao et al. 2014) was used to count BAM

reads at gene features with the following parameters: -T 8 -g gene id -t exon -p.

Quantifying alternative splicing events
RNA-Seq by Expectation Maximization (RSEM) (Li & Dewey, 2011) was used on sorted
BAM files to quantify transcript per million (TPM). I began by generating an RSEM reference

from my existing STAR reference (unlisted parameters were default): --star-path
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/path/to/STAR index --num-threads 32. After RSEM reference generation, TPM quantification
was calculated with the following parameters: --paired-end --alignments --no-bam-output
--estimate-rspd --num-threads 60.

Next, SUPPA2 (Trincado et al., 2018) was used to generate seven types of genome-wide
local AS events for each gene from the input annotation gtf file: generateEvents -f ioe -e SE SS
MX RI FL. Running this command generated a .ioe file, with each row corresponding to a
unique event ID: <gene id>;<event-type>:<seqname>:<coordinates-of-the-event>:<strand>.

SUPPA2 was then used for conversion from transcript per million (TPM) to percent
spliced in (PSI) for each condition and AS event by running psiPerEvent with default settings. To
identify differential splicing of AS events and differential transcript usage, I used the SUPPA2
command: diffSplice -m empirical. Finally, OPTICS density-based clustering analysis (Ankerst
et al., 1999) was performed using the differential PSI (dPSI) and transcript usage of local events
between conditions: clusterEvents --dpsi <dpsi-file> --psivec <psivec-file> --sig-threshold 0.05
--eps 0.2 --separation 0.11 -dt 0.2 --min-pts 10 -c OPTICS. The overall bulk RNA-seq

transcriptomics workflow may be viewed in Figure S3.

2.4.3 Data analysis

Differential synaptic isoform downstream analysis

After AS event quantification, .dpsi files of each AS event type were read into R (4.2.2), and
filtered for changes in |APSI| > 0.2 across each type of comparison: third instar males vs adult
males, third instar females vs adult females, third instar males vs third instar females, adult males
vs adult females, third instar male/female vs adult male/female and third instar/adult male vs
third instar/adult female. Next, biomaRt (Durinck et al., 2009) was used to map 485 synaptic

genes (Kentro et al., 2024) to their corresponding transcript IDs using the FlyBase database in
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Ensembl (Harrison et al., 2024). The genome-wide .dpsi files were filtered for synaptic
transcripts using the mapped biomaRt output. Finally, the generated SUPPA .ioe files for each
type of splicing event were combined, and the genomic coordinates of each event were extracted
for each condition. The R package dplyr (Wickham et al., 2023) was used for filtering and

sorting to identify the unique vs. shared isoforms between each comparison.

Pathway enrichment analysis

To identify pathways that were differentially enriched across conditions, clusterProfiler
(Xu et al., 2024) was used to perform gene ontology (GO) annotation on differentially spliced
isoforms across all conditions to generate enrichGO objects, with the following settings: OrgDb
= org.Dm.eg.db, keyType = “ENSEMBLTRANS”, ont = “ALL”, pAdjustMethod = “BH”,
readable = TRUE. With these settings, Biological Process (BP), Cellular Component (CC), and
Molecular Function (MF) were all considered for ontology, as well as Benjamini-Hochberg to
compute false discovery rate (FDR) and adjusted p.value < 0.05. This annotation procedure was
also used for each AS event type individually (within each of the four differential splicing
comparisons). The enrichGO object was filtered for NA rows, sorted by descending adjusted
p-values., and only the top 30 enriched terms.

To visualize differentially enriched pathways, ggplot() was first used to generate a dotplot
across all combined AS events. Next, cnetplot from clusterProfiler (Wu et al., 2021) was used to
visualize the network between input genes/transcripts and the top 20 annotated GO pathways in a
circular layout: showCategory = 20, circular = TRUE, cex_label gene = 1, cex label category =

1, colorEdge = TRUE.

GO semantic similarity analysis
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Following cnetplot, I used pairwise termsin() to compute the similarity matrix between
all nodes combined across BP, CC, and MF sub-ontologies using the Jaccard correlation
coefficient (Jaccard, 1902) with default settings. The similarity matrix was used as input for
heatplot() from clusterProfiler to show the most representative genes in the top 20 enriched GO
pathway (showCategory = 20, other settings default). As comparison against JC, I used Gene
Ontology Semantic Similarity Analysis (GOSemSim) (Yu et al., 2020) to compute semantic
similarity among all annotated GO terms and gene products/clusters for each GO sub-ontology
pathway using the Resnik and Wang methods. The Resnik method (Resnik, 1999) is an IC-based

approach, where the frequency of a GO term t is represented as:
nt' !/ .
p(t) = 5| t'€{t, childrenof t}
Here, n, is the number of the GO term t' and N is all terms in the GO corpus. Using this, we

may define ICas: IC(t) = — log(p(t)),

where the semantic similarity of GO terms is the negative log probability of a GO term occurring
across the entire GO corpus, coupled with the term’s most informative common ancestor

(MICA). Thus, the Resnik method is defined as the following:

sim, (t,t) = IC(MICA),

Resnik

where tland t, are two distinct GO terms. As opposed to Resnik, the Wang method (Wang et al.,

2007) represents semantic similarity through a graph-based analysis, where terms closer to term

Ain DAGAhave greater contribution to 4’s semantic value. In other words, a GO term t has an
S-value defined as its semantic contribution to term 4. Therefore, for any t in DAG ,, S (t) s

defined by the piecewise function:
SA 4 =1
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SA(t) = max{we X SA(t') | t' € childrenof (t) }if t+A

Here, t' is the child term of ¢, which is linked for edge e € E 4 by the semantic contribution factor

w . The semantic value of the term 4, SV(A), is then: SV(4) = X SA(t) ,
teT
A

With GO terms A and B, Wang semantic similarity is therefore

S S,0+S,0

tETAﬂ TB

sim, . .(4 B) SV(A) +SV(B)

Wang

where SA(t) and SB(t) are the S-values of term ¢ for terms A and B, respectively. Taking the

similarity matrices generated by JC, Resnik and Wang methods, I utilized the hierarchical
clustering algorithm Ward D2 (hclust method = “ward.D2”, other settings default) to compute

the sum of the squared Euclidean distance between data point clusters, minimizing the objective
function: D(c., ¢.) = 8(c, c.) =
unction: J(¢ , ¢,) = &) =

In this equation, |c1| and |C2| are the element numbers in clusters cland c,, respectively.

. . . 2 .
The squared Euclidean distance between cluster centroids is ||c1 — Cz“ (for further details, see

Ward, 1963; Kaufman and Rousseeuw, 1990; Murtagh and Legendre, 2011; Legendre and
Legendre, 2012).

I utilized three dimensionality reduction techniques to compare the first two components
of the JC, Resnik and Wang method similarity matrices: principal component analysis (PCA)
(Abdi and Williams, 2010), t-distributed stochastic neighbor embedding (t-SNE) (van der
Maaten and Hinton, 2008; Cieslak et al., 2020), and uniform manifold approximation and

projection (UMAP) (Mclnnes et al., 2018) given prior successful comparative analysis using
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bulk transcriptomic datasets (Yang et al., 2021). The details of UMAP are further discussed in

section 3.4.1.

2.4.4 Code availability & resources
All downstream data analysis was conducted in R (4.2.2), and custom scripts are available upon
request. All R scripts were executed using an integrated RStudio Server with 64 cores and 492

GB of memory.
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2.5 Figures
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Figure 3: Differential splicing of synaptic genes across developmental stages. (A) Volcano
plots of all differential synaptic AS events between third instar and adult males. (B) Volcano
plots of each local AS event type for differentially spliced synaptic genes between third instar
and adult males. (C) Volcano plots of all differential synaptic AS events between third instar and
adult females. (D) Volcano plots of each local AS event type for differentially spliced synaptic
genes between third instar and adult females. Red colored points represent adult-upregulated
splicing, blue colored points represent third instar-upregulated splicing, while gray points
represent non-significant splicing events. SE - skipping exon, A5/A3 - alternative 5°/3” splice
sites, MX - mutually exclusive exons, RI - retained intron, AF/AL - alternative first/last exons.
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Figure 4: Differential splicing of synaptic genes across sexes. (A) Volcano plots of significant
different splicing events between third instar males and females across the genome (left) and of
synaptic genes (right). (B) Volcano plots of significant differential splicing events between adult
males and females across the genome (left) and of synaptic genes (right). Red colored points
represent female-upregulated splicing, blue colored points represent male-upregulated splicing,
while gray points represent non-significant splicing events.
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THIRD INSTAR MALE VS FEMALE AS SYNAPTIC GO ANNOTATION NETWORK
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Figure 5: Third instar male vs female gene-concept network of differential synaptic AS

events. GO categories are distinguished by different color tracks, while node size represents
differentially spliced AS isoforms.
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ADULT MALE VS FEMALE AS SYNAPTIC GO ANNOTATION NETWORK
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Figure 6: Adult male vs female gene-concept network of differential synaptic AS events.
GO categories are distinguished by different color tracks, while node size represents the number

of unique differential AS isoforms.

41



chemical synaptic transmission, postsynaptic
excitatory postsynaptic potential

jump response

regulation of postsynaptic membrane potential
visual behavior

dendritic spine spine postsynaptic synapse

neuron spine potential

® acetylcholine-gated channel complex

® postsynaptic density

® asymmetric synapse

number of genes
® neuron to neuron synapse ® 100
® plasma membrane signaling receptor complex @
® cellular biogenic amine catabolic process @
: . 175
® amine catabolic process .
A ) . 2.00
® ammonium ion metabolic process amine metabolic catabolic
® neurotransmitter metabolic process process .
p.adjust
® amine metabolic process
. . - 0.04
‘synaptlc transmission, cholinergic
0.03
® neuron projection membrane neuron projection membrane 0.02
® response to carbon dioxide 0.01

® cellular response to carbon dioxide

® phospholipase C-activating G protein-coupled receptor signaling pathway

® cellular response to inorganic substance

*‘ ® sensory perception of taste C-activating component
® phototransduction carbon dioxide

® detection of light stimulus

® heterotrimeric G-protein complex

® GTPase complex

—l ® extrinsic component of cytoplasmic side of plasma membrane
.response to light stimulus |response to light stimulus

Figure 7: Hierarchical tree plot of synaptic AS GO annotation across all sub-ontologies for
adult males vs. females using JC similarity. Overall parental pathway names and sub-clusters
indicated by color blocks. Node size reflects the number of unique differential synaptic AS
isoforms, while node color indicates the adjusted p-value. The top 30 GO terms (by significance)
across BP, CC, and MF sub-ontologies are shown, clustered using Ward D2 algorithm.
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ADULT MvF SYNAPTIC AS BP PATHWAY: JC METHOD
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ADULT MvF SYNAPTIC AS BP PATHWAY: WANG METHOD
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Figure 8: Hierarchical tree plot of synaptic AS GO BP sub-ontology terms for adult males
vs. females. (A) Tree plot using JC method. (B) Tree plot using the Resnik method. (C) Tree plot
using Wang method. Overall parental pathway names and sub-clusters indicated by color blocks.
Node size reflects the number of unique differential synaptic AS isoforms, while node color
indicates adjusted p-value. All significant GO terms in BP sub-ontology are shown,
hierarchically clustered using Ward D2 algorithm.
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Figure 9: Shared and unique synaptic transcripts and GO terms across 4 comparisons. (A)
Venn diagram of unique and shared synaptic transcript isoforms between four differential
splicing comparisons. (B) Venn diagram of unique and shared enriched GO terms of
corresponding transcripts between four differential splicing comparisons.

45



response to carbon dioxide

synaptic transmission, cholinergic

cellular
amine metabolic response
process to carbon
phospholipase C-activating G protein-coupled dioxide
receptor signaling pathway
response to light stimulus

jump response

cellular biogenic
amine catabolic
process

regulation of postsynaptic membrane ammonium ion

sensory perception of taste potential metabolic process

rhabdomere neuron spine asymmetric synapse

extrinsic component of membrane

plasma membrane
signaling receptor receptor complex GTPase complex
complex

extrinsic component of plasma membrane




extracellular ligand-gated monoatomic ion channel activity

neurotransmitter receptor activity involved in

regulation of postsynaptic membrane potential

G-protein beta-subunit binding
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enrichment between terms.
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nAChRalpha7 Transcript Structures (RE vs RA)
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Figure 11: Structure of nAChRalpha7-RE and nAChRalpha7-RA transcript isoforms.
Exonic regions are red rectangles, while intronic regions are represented by black lines. Genomic
position of the transcripts is denoted on the x-axis.
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Figure S1: GO pathways of synaptic isoforms are differentially enriched within each sex.
Heat plots of differentially enriched GO pathways within each sex, with parental genes of
differentially spliced synaptic transcript on x-axis and GO annotations labeled on the y-axis. (A)
Third instar vs. adult male comparison. (B) Third instar vs. adult female comparison. cpx, nSyb,
Rim and SytI represented across the most enrichment pathways for both sexes (p-adj. < 0.05).
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Figure S2: Resnik and Wang similarity methods cluster together in low-dimensional space.
Dimensionality reduction visualizations of BP sub-ontology comparing JC, Resnik and Wang
methods. (A-C) First two components using (A) principal component analysis (PCA), (B)
t-distributed stochastic neighbor embedding (t-SNE) and (C) uniform manifold approximation
projection (UMAP). (D-F) Heat plots of enriched BP pathway similarity matrices comparing (D)
Resnik-Wang methods, (E) Resnik-JC methods and (F) Wang-JC methods.
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Figure S3: Bulk RNA-seq data processing and downstream analysis pipeline. Raw FASTQ
files were first evaluated using QC metrics and aligned to a STAR-indexed reference genome.
Splicing events were quantified in TPM using sorted BAM reads, converted to PSI, and then
differential splicing was computed using SUPPA. Created with Biorender.com.
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2.6 Tables

Gene Symbol | Event | Significance Genomic Coordinates

Octalpha2R RI Male-Upregulated 3R:18799280:18806606-18806694:18807290:-

nAChRa7 RI Female-Upregulated | X:19328554:19329720-19329790:19329933:-

nAChRa7 RI Male-Upregulated X:19347638:19347733-19347836:19348447:-

Ace AL Female-Upregulated | 3R:13222951:13223378-13232679:13228242:132
29770-13232679:-

dpr15 A3 Male-Upregulated 3R:12156621-12158534:12156605-12158534:-

Ggamma30A | AS Female-Upregulated | 2L:9256814-9256893:9256696-9256893:+

Table 1: Significant differential AS of synaptic genes between adult males and females.

GO Sub-ontology

Resnik-Wang (p)

Resnik-JC (p)

Wang-JC (p)

BP 0.9131/0.8696 0.2354/0.2654 0.1895/0.2517
CC 0.4499/0.3461 0.2286/0.1567 <0.01/0.0561
MF 0.3050/0.3696 0.4271/0.2075 <0.01/0.1787

Table 2: Pearson/Spearman correlations for semantic similarity matrices across GO sub-ontologies

using JC, Resnik and Wang methods. The best results across all method comparisons are bolded and

underlined. The best recorded individual metric for each sub-ontology is bolded.
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Chapter 3: The evolutionary conservation of temporally-coordinated synaptic gene

expression in human cells

3.1 Introduction

In Chapter 2, I identified sex and developmentally-biased synaptic AS in Drosophila
melanogaster through bulk transcriptomics analysis. These findings raised the question of
whether the regulatory dynamics displayed for synaptic genes are conserved in more complex
species. In this chapter, I explore the evolutionary conservation of temporally-coordinated
synaptic gene expression in human cells using single-cell resolution multi-omics data.

The development of the CNS in both invertebrate and mammalian species is a complex
and involved process. In Drosophila, larvae undergo widespread synaptic restructuring during
pupation, resulting in a reconstructed adult nervous system. While well-documented, the
regulatory mechanisms underlying this spatiotemporally-coordinated development have largely
remained elusive. Recent work by Kentro et al. identified the chromatin regulators of DEAF1
and CLAMP as key repressors of temporally-regulated synaptogenesis and synaptic gene
expression across Drosophila development (Kentro et al., 2024). Strikingly, this synaptic gene
regulation appears in mouse embryogenesis, with demonstrated temporal coordination of both
pan-neuronal and neuron-subtype-specific synaptic gene transcription (Cardoso-Moreira et al.,
2019)—suggesting that the developmental mechanism of coordinated synaptic repression may be
evolutionarily conserved (Figure 12, Kentro et al., 2024).

In humans, cortical synaptic density undergoes a rapid increase during the early postnatal
period, followed by synaptic pruning and the stabilization of synaptic connections in adulthood
(Huttenlocher et al., 1982; Bruer et al., 1999; Goyal and Raichle, 2013). Over the course of
aberrant aging, like in the case of AD and other dementias, cortical synaptic density and brain

volume rapidly decrease (Davies et al., 1987; Clare et al., 2010), possibly reflecting a loss of
63



synaptic gene expression. By characterizing synaptic gene regulation and chromatin accessibility
at the single-cell resolution in human cells, I sought to determine whether the temporally
coordinated synaptic gene expression and patterns of chromatin accessibility in Drosophila and
mice were evolutionarily conserved across cerebral organoid development. In doing so, I provide
further insight into the molecular pathways implicated in both healthy and aberrant synaptic

development.

3.2 Results
3.2.1 Global synaptic gene ortholog expression is temporally coordinated across various
stages of human cerebral organoid development
I took the 485 coordinately regulated synaptic genes identified by Kentro et al. (2024) and
mapped them to orthologous human genes using the DRSC Integrative Ortholog Prediction Tool
(Hu et al., 2021). After selecting for high and mid-matching orthologs, I was left with 332
orthologous human synaptic genes. To provide a robust characterization of synaptic gene
expression, I initially processed four scRNA-seq cerebral organoid datasets of different cell lines,
recorded time points, and with varying cell counts per condition obtained roughly 640,000 total
cells for analysis. The datasets measured gene expression in organoids from day 22 to day 101
(Table 3, Sebastian et al. 2023), embryonic (EB) stage to 8 months (Table 4, Zenk et al., 2024),
23 days to 6 months (Table 5, Uzquiano et al., 2022), or 4 days to 61 days (Table 6, Fleck et al.,
2022), respectively. After scRNA-seq data preprocessing, integration, and conversion to Seurat
objects, I generated feature plots and dotplots for each dataset.

The generated feature plot for days 22 to 101 (Sebastian et al., 2023) revealed spatially
and temporally distinct clusters of global synaptic gene expression (Figure 13A). In line with this

observation, a dotplot of the global synaptic gene expression profile at each timepoint revealed
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greater synaptic gene expression as the organoid developed (Figure 13B). Separating the day 101
time point into its 2 component replicates demonstrated low global gene expression in one
replicate and the highest recorded global expression in the other, suggesting a potential issue
with the read quality of the sparsely expressed replicate. In line with this observation, removing
the replicate at each time point with the lowest level of synaptic expression showed an increasing
pattern as the organoid developed. I next checked whether this pattern of increase in synaptic
gene expression across development manifested in other datasets, starting with that of Zenk et al.
(2024).

While interesting on its own, it was possible that the increasing global synaptic gene
expression observed in the Sebastian et al. (2023) dataset stemmed from technical rather than
biological factors. To account for the possible impact of batch effects, [ used a dataset (Zenk et
al., 2024) that recorded over a longer period of time and with greater frequency—spanning from
pluripotent embryoid bodies recorded at day 5 (EB) to 8 months across 8 recorded timepoints. I
observed spatially distinct clusters at each developmental stage, with increased global synaptic
gene expression as the organoid approached the last recorded developmental timepoint (Figure
14). While not as spatially separated as in the first dataset, a dot plot of the recorded time points
revealed increasing global synaptic gene expression and overall percentage of expressed synaptic
genes (Figure 14B).

By testing a dataset with greater longitudinal breadth, I observed increasing synaptic gene
expression in a developmental stage-specific manner. To confirm this pattern of synaptic gene
expression across cell lines with similarly recorded timepoints, I analyzed a more expansive
dataset (Uzquiano et al., 2022), measuring 8 time points from day 23 to 6 months. Unlike the
prior tested datasets, the Uzquiano et al. (2022) data contained roughly 550,000 recorded cells

across timepoints, suggesting that it may offer a more robust characterization of synaptic gene
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expression at the cellular resolution than those tested prior. Due to computational limitations, I
processed and then randomly downsampled the data, taking 10% of cells at each time point for
downstream analysis. Surprisingly, the observed pattern of synaptic gene expression differed
greatly from previously tested datasets, with no overt spatially segregated cell groups or
increasing trend in synaptic gene expression as the organoid developed (Figure 15A). Similarly,
later time points displayed a lower percentage of total synaptic genes expressed and lower
average expression (Figure 15B). It is possible that the synaptic gene expression pattern observed
resulted from the inability to fully preprocess roughly 550,000 cells—indicative of batch-related
error, rather than reflective of all cellular synaptic expression profiles.

Despite the greater temporal breadth and cell count of the above datasets, I still wished to
develop a greater understanding of the synaptic gene expression changes that occur earlier in
cerebral organoid development. To do so, I analyzed scRNA-seq data from Zenk et al. (2024)
that sampled 11 timepoints from day 4 to 61. As in the case of the Uzquiano et al. (2022) dataset,
I observed spatially clustered synaptic gene expression in single cells, with increasing expression
as the organoid developed (Figure 16A). The dotplot of global synaptic gene expression similarly
conveyed this trend, with greater average expression and percentage of expressed synaptic genes
as the organoid approached the last recorded time point (Figure 16B). Interestingly, I found that
the top 10 most highly expressed synaptic genes varied greatly across developmental stages:
STOM, ARFGEF3, CDHI, SYT6, and HS3ST5 were highly expressed only at early
developmental stages, while SLC243, SCGS5, EML4, APLP2, and NLGN4X tended to be
expressed throughout development (Figure 16C). The temporal clustering of these genes may
indicate developmental stage-specific regulatory mechanisms, which impact gene expression

during later stages.
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3.2.2 Chromatin accessibility at synaptic gene loci in human cells oppose Drosophila
developmental patterns

On its own, the scRNA-seq data revealed distinct patterns of synaptic gene expression across
several different cerebral organoid lines. While insightful, the integration of scATAC-seq may
provide more insight into the changes occurring to the 3D chromatin architecture of synaptic
genes. Therefore, I took the paired scATAC-seq data from Fleck et al. (2022) to identify whether
chromatin accessibility preceded increased synaptic gene expression at older developmental
periods, as was observed in Drosophila development (Kentro et al. 2024). The feature plot and
dotplot of the Fleck et al. (2022) dataset are shown in Figure 17. Unexpectedly, chromatin
accessibility peaked at early time points, followed by a decrease in accessibility, and then a final
increase at the last recorded time point. (Figure 17A-B).

To gain a better understanding of when changes to chromatin accessibility occur in
relation to gene expression, I plotted the normalized module scores across developmental time
points for both synaptic and random genes for the scCRNA-seq and scATAC-seq data (Figure
17C). As expected, the pattern of synaptic chromatin accessibility and gene expression appeared
distinct from the random genes set. However, unlike the temporal pattern of chromatin
accessibility opening before synaptic gene expression that Kentro et al. (2024) observed, I found
chromatin accessibility decreased as coordinated synaptic gene expression increased. This
pattern of chromatin accessibility was directly opposed to Drosophila development, but the
global increase in synaptic gene expression at later developmental time points appears across

organoid lines, flies, and mice.
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3.2.3 Sex-Biased Differentially Spliced Synaptic Isoforms in Drosophila Drive
Glutamatergic Neuron Developmental Transitions in Human Cortex Tissue
To complement the bulk tissue and single-cell module score analyses described in the prior
sections, I next examined the gene expression patterns of a few select synaptic genes using data
from human brain tissue. I integrated the scRNA-seq and scATAC-seq data of human cerebral
cortex tissue samples from gestational week 18 to 39 year old donors (Table 7), using an
unsupervised deep learning method called scMultiNODE (Zhang et al., 2024). scMultiNODE is
able to infer cell fate trajectory at the single-cell level using principles of optimal transport (OT).
In OT, a model assumes that the gene expression (or chromatin accessibility) per cell at a given
time point follows a probabilistic distribution, such that the origin and terminal fate of the cell
are inferrable (Schiebinger et al., 2019). Coupling between sequential time points was calculated
for each cell, and then extended across all timepoints by composing OT maps across the entirety
of a time interval (Figure 18). After training scMultiNODE on the dataset, I constructed the least
action path (LAP) between any two cell states, while minimizing action and transition time (Qiu
etal., 2012; Wang et al., 2014; Qiu et al., 2022). I generated the LAP paths from individual cell
starting points (t = 0) to developed oligodendrocyte and glutamatergic neuron populations
(Figure 19A). After capturing all significant differentially expressed genes (DEGs) along each
lineage trajectory, I found STON2 and KCNC?2 to be the highest ranking human synaptic gene
orthologs in oligodendrocytes and glutamatergic neurons, respectively. I selected these genes for
further downstream analysis, in addition to CHRNA7, which is discussed below.

Returning briefly to Chapter 2, I observed sex-biased differential n4ChRalpha7 splicing
variants unique to the adult fly developmental stage through bulk RNA-seq data analysis. Its
human ortholog, CHRNA7, has been implicated in several CNS and neurodevelopmental

disorders (Freedman et al., 1995; Court et al., 1999; Stephens et al., 2009; Ancin et al., 2011).
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Due to these observations, it is plausible that CHRNA7 (or nAChRalpha7) may have a potential
role in sexually dimorphic neuronal maintenance and function. Given the involvement of
CHRNA7 in excitatory neurotransmission and mammalian neural development, I hypothesized
that its synaptic gene expression trajectory in human cells may mirror key transitions in
excitatory neuronal lineage.

To explore this hypothesis, I plotted the gene expression z-score values of KCNC2 &
CHRNA?7 for glutamatergic neuronal trajectory and STON2 & CHRNA?7 for oligodendrocytes
across developmental time points (Figure 19). In comparison to random genes, STON2 displayed
greater z-score variability across oligodendrocyte development, while CHRNA7 only differed
slightly from random genes (Figure 19B). On the other hand, both KCNC2 and CHRNA7
displayed much greater z-score variability across glutamatergic neuron development (Figure
19C). CHRNA7 gene expression appeared to peak at the latest developmental timepoints in
glutamatergic neuronal development, suggesting its potential role in adult-specific neural
maintenance. The discrepancy in CHRNA7 gene expression patterns between cell types also
demonstrated a neuronal-enriched role in development. Together, these results reinforce the
conserved role of CHRNA7 and its fly ortholog nAChRalpha7 in neuronal development and

synaptic function, potentially in a temporal and sex-specific manner.

3.3 Discussion

In this chapter, I profiled the synaptic gene expression of 640,000 cells across five human
cell-derived datasets. The progression of synaptic gene expression across developmental time
points in human cerebral organoids generally reflected a conserved pattern of neural maturation
in vitro. The coordinated increase in synaptic gene module scores across developmental time

points in human cerebral organoids suggests that temporally coordinated synaptic gene
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expression is a conserved hallmark of neurodevelopment. This result echoed the findings
observed in both Drosophila and mouse models (Kentro et al., 2024), supporting a potential
evolutionarily conserved role for temporally coordinating synaptic gene expression—even in the
absence of fully developed brain architecture. The fact that this pattern of gene expression is
recapitulated across multiple datasets and experimental designs—albeit with variation in
replicate quality—supports the robustness of developmentally coordinated synaptic gene
expression.

Interestingly, chromatin accessibility at the synaptic loci in Fleck et al. (2022) failed to
mirror transcriptomic trends, diverging from the coordinated accessibility patterns observed in
Drosophila development. This difference points to more complex regulatory layers than those
present in either Drosophila or mouse—although transcriptional activation is temporally
coordinated, upstream chromatin remodeling may occur earlier in human cell
development—thereby highlighting a potential decoupling of epigenetic and transcriptional
machinery in human organoid models. Alternatively, the process of generating cerebral
organoids themselves, rather than analyzing tissue from autonomous organisms, may contribute

to the observed differences in chromatin accessibility.

3.4 Materials and Methods

3.4.1 Human cerebral organoid temporal profile analysis

Data processing and quality control

To generate an analogous set of synaptic genes, I identified orthologs of the 485 Drosophila
synaptic expression profile genes (Kentro et al., 2024) ranked as high or moderate according to

the DRSC Integrative Ortholog Prediction Tool (IOPT) (Hu et al., 2021), finding 332 mid- and
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high-matching orthologous human genes (Appendix A). I used these orthologs to generate an
organoid synaptic expression profile across four separate sScRNA-seq datasets. For later
downstream analysis of the paired scRNA-seq and scATAC-seq data (Fleck et al., 2022), |
additionally identified mid- and high-matching human orthologs of 485 random Drosophila

genes (Kentro et al. 2024) using the DRSC IOPT, taking the top 332 human genes (Appendix B).

Human cerebral organoid scRNA-seq (Uzquiano et al., 2022; Sebastian et al., 2023; Zenk
et al., 2024) and paired scRNA-seq & scATAC-seq data (Fleck et al., 2022) were processed with
Seurat v5.0 (Hao et al., 2021) and Signac v1.1.0 (Stuart et al., 2021) to create Seurat objects.
Using Seurat, the four cerebral organoid datasets were loaded as count matrices. Seurat objects
were created and filtered with min.cells = 3 and min.features = 200, then merged. Prior to QC
evaluation and in order to run downstream analyses, virtual memory was set to 16GB using
options(future.globals.maxSize = 16 * 1024"3). The percentage of all-gene UMI mapping to
mitochondrial (MT)-genes was used as a QC metric. Each merged Seurat object was normalized
using SCTransform (Hafemeister & Satija, 2019), regressing on my mitochondrial gene mapping
percentage. I used the 3000 most variable genes and then performed principal component

analysis (PCA) using the RunPCA() function in Seurat.

Clustering and visualization

Using 30 PCs, I identified nearest neighbors with the Seurat function
FindNeighbors(seurat_obj, dims = 1:30, reduction = "pca"), followed by using a shared nearest
neighbor (SNN) (Levine et al., 2015; Xu and Su, 2015) modularity optimization-based clustering
algorithm. For clustering, I manually checked the effects of different clustering resolutions and

algorithmic implementations, eventually using FindClusters(seurat_obj, pc.use = 1:30, resolution
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= 1.0, algorithm = 3, print.output = FALSE, save.SNN = TRUE) across all datasets. This method
first calculates the k-nearest neighbors between cells and constructs an SNN graph, followed by
cell clustering using modularity optimization. Setting FindClusters(algorithm = 3) implements
the smart local moving (SLM) algorithm (Waltman and van Eck, 2013), a modularity
optimization method that extends the default Louvain algorithm (Blondel et al., 2008) used
within FindClusters() through the local moving heuristic (Figure S4). After obtaining all network
community structures using the local moving heuristic, SLM iterates over each community and
constructs a subnetwork for each. Next, the algorithm repeats the local moving heuristic to
identify each of the subnetwork communities, eventually constructing a reduced network, and
then repeating this process until a network can no longer be reduced (see Waltman and van Eck,

2013 for further details).

Finally, I took these clusters to generate feature plots using RunUMAP(seurat_obj, dims
= 1:30, reduction = "pca"). UMAP refers to a manifold-based learning algorithm that reduces the
dimensionality of highly complex data, especially in the context of biological sequencing. To
construct a low-dimensional representation of the data, UMAP involves three steps. First, the
algorithm constructs a weighted k-neighbor graph, followed by an edge-transformation to
ambient local distance, and finally, the unification of asymmetrical topological features in the
weighted k-neighbor graph (Mclnnes et al. 2018). The second phase of UMAP is a force-directed
graph layout algorithm, which identifies a low-dimensional representation of the data to optimize
an objective function (Mclnnes et al. 2018). Using UMAP, it is possible to visualize scRNA-seq
and scATAC-seq data in two dimensions, as well as identify clusters of cells with similar gene

expression and chromatin accessibility properties (Becht et al., 2018).
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The R package scCustomize (Marsh et al., 2024) was used with AddModuleScore to
average the expression of 332 synaptic genes for each cell, and the score of each cell was
averaged per time point within each dataset. I then plotted the average synaptic gene expression
level across timepoints, and observed a temporal expression profile that matches our lab’s
previous bulk Drosophila RNA-seq analysis. Genes with the highest average expression in each
scRNA cluster, or gene activity scores in sSCATAC, were used with enriched marker genes from
FindAlIMarkers(seurat obj, only.pos = TRUE, min.pct = 0.25, logfc.threshold = 0.25, test.use =
“wilcox’) to broadly annotated the RNA and ATAC clusters, which were then merged by
annotation. All data processing and analysis was conducted in R (4.2.2), and scripts are available
upon request. The overall processing and downstream analysis pipeline is visualized in Figure

SS.

Cell Fate Trajectory Inference Using scMultiNODE

Single-cell Multi-modal Neural Ordinary Differential Equations (scMultiNODE)
integrates scRNA-seq and scATAC-seq time-series data profiles through OT and neural ODEs to
model cellular dynamics (Figure S6, Zhang et al., 2024). The algorithmic pseudocode
implementation of scMultiNODE is depicted in Figure S7. For input, scMultiNODE takes
recorded time point indices, gene expression matrices, chromatin peak/activity matrices, and
hyperparameters associated with the model. The model begins by using Auto-Encoders (AEs) to

compute a low-dimensional representation of each data modality:

Zrna = Enex (Xarn, 6x), Xarr = Decx (Zrna. 0x);

Zatac = Ency (Yarn, ¢v), YaiL = Decy (Zatac, fy).
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Next, the model aligns the modality-specific latent representations of the data and
predicts cell correspondence between each modality using Gromov-Wasserstein (GW) OT (Peyré

and Cuturi, 2019):

GW distance = Z | DENA — D?}P\C I* T Tirye

'é,'i’.j.j
In doing so, scMultiNODE is able to align cells together that exhibit similar biological activity
across the two data types (Zhang et al., 2024). After alignment, scMultiNODE computes a joint

latent space and intra-modality distance matrices using the fusion layer

N ) z = Encrna(X, ¢ox) and X = Decrna(z, 0x) for RNA data
= Fus(z, w) with ~ .
z = Encatac(y, ¢y) and ¥ = Decarac(z, fy) for ATAC data

to output low-dimensional representations of Zgya and Zac and then optimizes several
parameters to minimize fusion loss:

Lysion = @ Z 1(Ty; #0) || 2; — 2; ||3 +MSE (XALLe iALL) + MSE (YALLe ‘?ALL) where

Zi = Fus(z, w) and z; = Fus(z;,w) for RNA cell i and ATAC cell j  (from Eq. 3)
XALL = Decx[Zn_NA. fx) with ZRNA = {z; | all RNA cells i},
?ALL = DecY(ZA-pAc. By) with ZATAC = {z; | all ATAC cells j}.

Finally, the entire model is optimized to minimize a dynamic loss function

Lagn= > Wass (X(“. if‘)) + Y Wass (Yf”. ?(”) + BR (Tana, Tatac) .

t€TrNA teTarac
thereby ensuring the capture of relevant cellular dynamics.
To construct cell fate transition pathways, scMultiNODE uses the LAP method, finding
an optimal path between cell states while simultaneously minimizing action and transition time.
Given starting point X, (cell representations in joint latent space at t=0) and end point Xy, LAP

finds a path represented as a sequence of K points &= {X,, ..., Xg}. The tangential velocity for
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k k

7 — , where A represents the time

each segment between X, ; and X, is defined as Vk =

step taken by cells from X,_;. The action #on path Zis, therefore:

K ‘
S = %Z (Vk - Drift,,(f(k))z A with X =

k=1

X1+ X -k
—

LAP seeks to align V, with the differential velocity Drift,(X,) learned by scMultiNODE,

minimizing transition time. The optimal path is then the objective function

~ 1 K s 2
P = argmin$ = argmin - Z (V;C — Dritt.(Xk.u:)) A
P.A PaA 2{

and solved through two interable steps. For a more comprehensive description of scMultiNODE,

please see Zhang et al., 2024.

3.4.2 Data availability
ScRNA-seq data
For Uzquiano et al. (2022), the scRNA-seq read-level data is available at

https://www.synapse.org/Synapse:syn26346373/files/. The count-level data and metadata are

available at the Single Cell Portal under the study code SCP1756. For Sebastian et al. (2023), the
scRNA-seq read-level data is available at NCBI GEO under accession code #GSE228315. For
Zenk et al. (2024), the raw sequencing data is available from the European Genome Phenome

Archive (https://ega-archive.org/studies/EGAS50000000155). The processed data is accessible at

https://doi.org/10.5281/zenodo.10471808.

Paired multi omics data (scRNA-seq & scATAC-seq)
For Fleck et al. (2022) the raw sequencing data is available at ArrayExpress:

E-MTAB-12001 for developmental time course scCRNA-seq data, E-MTAB-11998 for
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developmental time course scATAC-seq data, and E-MTAB-12004 for neuroepithelial stage

multi-omics data. For Zhu et al. (2023), the raw and processed snRNA-seq and snATAC-seq data

are deposited at NCBI GEO under accession code #GSE204684.

3.4.3 Code availability & resources

The human cortex dataset and code for scMultiNODE are publicly available at
https://github.com/rsinghlab/scMultiNODE. Custom scripts in R (4.2.2) for all other single-cell
data preprocessing and analysis are available upon request. All scripts were executed using an
integrated RStudio Server with 64 cores and 492 GB of memory. This research was conducted
using computational resources and services at the Center for Computation and Visualization,

Brown University.
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3.5 Figures
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Figure 12: Broad temporal coordination of synaptic gene expression in Drosophila and
mouse. (A) Average temporal expression profile of the 485 genes most highly correlated with
synaptic expression profile footprint (blue) is distinct from the average expression profile of 485
genes that regulate neurite development (orange) or a random set of nervous system expressed
genes (grey) (Graveley et al., 2011). (B) Average profile of 742 mouse genes temporally
correlated with the expression pattern of orthologs of the 20 Drosophila synaptic footprint genes
shows coordinated upregulation around embryonic day 12 (Cardoso-Moreira et al., 2019). (C)
Average expression scores of the 485 coordinately expressed synaptic genes across time-series
scRNA-seq datasets (Calderon et al., 2022; Corrales et al., 2022; Kurmangaliyev et al., 2020)
displayed as UMAP feature plots yield a similar temporal expression pattern. Adapted from

Kentro et al. (2024).
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Figure 13: Average expression scores of the 332 coordinately expressed synaptic gene
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orthologs across a day 22 to 101 time-series scRNA-seq dataset. (A) Feature plot of average
synaptic gene expression scores. (B) Dotplot of synaptic gene expression averaged per time point

The visualizations yielded similar temporal expression patterns across development. Dataset

from Sebastian et al. (2023).
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Figure 14: Average expression scores of the 332 coordinately expressed synaptic gene
orthologs across an EB to 8 months time-series scRNA-seq dataset. (A) Feature plot of
average synaptic gene expression scores. (B) Dotplot of synaptic gene expression averaged per

synGenesList_score1

time point, omitting EB and 63d. The visualizations yielded similar synaptic temporal expression
patterns across development. Dataset from Zenk et al. (2024).
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average synaptic gene expression scores. (B) Dotplot of synaptic gene expression, averaged per

time point. Dataset from Uzquiano et al. (2022).
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Figure 16: Average expression scores of the 332 coordinately expressed synaptic gene
orthologs across a day 4 to 61 time-series scRNA-seq dataset. (A) Feature plot of average
synaptic gene expression scores and (B) dotplot of data, averaged per time point. The

visualizations yielded similar temporal expression patterns across development. (C) Violin plots

of the top 10 globally expressed synaptic genes. Dataset from Fleck et al. (2022).
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Figure 17: Average chromatin accessibility scores of the 332 coordinately expressed
synaptic gene orthologs across a day 4 to 61 time-series scATAC-seq dataset. (A) Feature
plot of average synaptic chromatin accessibility scores and (B) dotplot of data, averaged per time
point. The visualizations yielded similar temporal accessibility patterns across development. (C)
Normalized module score at each developmental timepoint, comparing random gene chromatin
accessibility (blue line), random gene expression (red line), synaptic gene chromatin accessibility
(pink line), and synaptic gene expression (yellow line). Time points 11d and 18d omitted for

visual clarity.
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Figure 18: Example OT modeling of cell developmental process at various time points ¢,, #,,
and #;. (A) Temporal progression of a time-varying distribution PP, (left) can be sampled to obtain

distributions of cells P,. (right) at each time point. Here, y,, , represents the unknown true
coupling per cell, which is assumed to be close to the optimal transport coupling (7, , »),

approximated by m, , , from the empirical distributions P, and P,. (B) Single-cell gene
expression profiles (individual dots) over developmental time course, colored by collection time.
(C) Descendants of a cell set at later time points. (D) Ancestors of a cell set at earlier time points.
(E) Shared ancestry of two cell sets (black dots), where ancestors of each cell population are blue
and red, respectively. Each dot represents a single-cell. Adapted from Schiebinger et al. (2019).
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Figure 19: scMultiNODE trajectory inference of oligodendrocytes and glutamatergic

neurons in human cerebral cortex. (A) 2D UMAP plot of least action path (LAP) from cells at

t = 0 to oligodendrocyte and glutamatergic neuron populations (Zhang et al., 2024). (B) Gene
expression z-score values of differentially expressed genes STON2 and CHRNA7 on the
oligodendrocyte path. (C) Gene expression z-score values of differentially expressed genes
KCNC2 and CHRNA7 on the glutamatergic neuron path. Colored lines represent differentially
expressed gene z-scores per timepoint, averaged for cells on the path (solid) and off the path
(dotted). Black lines represent the average z-score of five random genes for cells on the path
(solid) and off the path (dotted). Human cerebral cortex dataset taken from Zhu et al. (2023).
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SmartLocalMovingAlgorithm

input:

A: Adjacency matrix of a network

¢: Initial assignment of nodes to communities
output:

c¢: Final assignment of nodes to communities

// Run the local moving heuristic.

¢ « LocalMovingHeuristic(A, c)

if NumberOfCommunities(c) < NumberOfNodes(A) then
// For each community, construct a subnetwork and run the local moving heuristic.
// Construct a reduced network based on the community structure of the subnetworks.
Cold < C
j<0
for j < 1 to NumberOfCommunities(c,e) do
Agup < Subnetwork (A, cog, 1)
Csub < [1...NumberOfNodes (Asw)]
Csub < LocalMovingHeuristic(Asun, Csub)
C(Colg = 1) ¢ Cowo + J
Creduced([f + 1]...[f + NumberOfCommunities(cyy)]) < f
Jj < j+ NumberOfCommunities(csyp)
end for

Areduced < ReducedNetwork(A, ¢)

// Perform a recursive call to identify the community structure of the reduced network.

Creduced <— SmartLocalMovingAlgorithm (Areduced: Creduced)

/ Merge communities based on the community structure of the reduced network.
Cod ¢ €
for j < 1 to NumberOfCommunities(cyq) do
C(Cold = 1) < Creduceull)
end for
end if

Figure S4: SLM algorithm pseudocode. Adapted from Waltman and van Eck (2013).
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Figure S5: Single-cell human data processing and downstream analysis pipeline. Raw

scRNA-seq reads were merged across several developmental time points and then converted to a

Seurat object. Both created and pre-made Seurat objects underwent QC metrics, normalization
and standardization, variable feature selection, and clustering. After filtering for high and

mid-matching synaptic gene orthologs, Seurat object layers were integrated and joined together,

re-normalized and standardized, and then used to calculate a synaptic module score for
downstream visualization and analysis. Created with Biorender.com.
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Figure S6: Representative scMultiNODE model architecture and overview. (A)
scMultiNODE assumes no cell-to-cell correspondence across modalities or timepoints, taking
gene expression and chromatin peak matrices as input. Unsupervised learning allows
scMultiNODE to create a joint latent space between data modalities, and then allow for
downstream cell transition or developmental trajectory inference analysis. (B) scMultiNODE
uses autoencoders (AEs) to identify an optimal latent space representation of each data modality,
and then aligns latent representations with GW optimal transport, thereby predicting cell
correspondence between the modalities. Next, the model constructs a joint latent space by
mapping each modality-specific latent representation, using the predicted correspondence in
which aligned cells stay together. Finally, scMultiNODE solves neural ordinary differential
equations (ODEs) to adjust the optimal joint latent space to match the population level cellular
dynamic by embedding dynamics in the joint latent space. Adapted from Zhang et al., 2024.
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1: Input: The set of timepoint indices Trna and TaTac; gene expression matrices {X(“ | t € Trna}; chromatin
peak/gene activity matrices {Y(t} | t € Tarac}; hyperparameters At, «, 8, the number of neighbors & in kNN;
randomly initialized neural networks Encx, Ency, Decx, Decy, fusion layer Fus, and the neural ODE drift
network Drift.

2:
3: ( Step I: dimensionality reduction )
4: Xap, = CONCAT (X“) |t e ’TRNA) // concatenate cells from RNA-seq measurements

5 Yar, = CONCAT (Y(tj |t e TATAC) // concatenate cells from ATAC-seq measurements

5
6: Optimize RNA-related AE parameters ¢x and fx to minimize Lana  (Eq. 2)
7: Optimize ATAC-related AE parameters ¢y and fy to minimize Latac (Eq. 2)
8.

9: ( Step II: modality integration )

10: Construct intra-modality distance matrices DRNA gnd DATAC with representations Zrna and Zatac

11: Use Quantized Gromov-Wasserstein (QGW) algorithm [11] to predict cell correspondence matrix T (Eq. 4)
12: Map latent representations to joint latent space through fusion layer (Eq. 3)

13: Optimize fusion layer parameter (w) and AE decoder parameters (#x and fv) to minimize Leysion  (Eq. 5)

15: ( Step III: cellular dynamics )
16: Optimize the entire model to minimize Layn  (Eq. 10)

18: Output: modality integration Zrna = Fus(Zrya,w) and ZATAG = Fus(Zarac,w)

Figure S7: scMultiNODE algorithm pseudo-code. After an input set of timepoint indices, gene
expression matrices, and chromatin peal/gene activity matrices, scMultiNODE performs three
sequential steps: dimensionality reduction, modality integration, and the modeling of cellular
dynamics. Adapted from Zhang et al., 2024.
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3.6 Tables

TPs 22d (Rep 22d (Rep 50d (Rep 50d (Rep 101d (Rep 101d (Rep
#1) #2) #1) #2) #1) #2)

# cells (per 8899 9071 7584 5897 7288 9851

replicate)

# cells 17970 13481 17139

(combined)

Table 3: Number of analyzed cells across developmental time points from Sebastian et al. (2023)
dataset. Replicate is abbreviated as Rep, and day is abbreviated as d.

TPs EB 15d 35d ret 6w 60d ret 12w | 4mo 8mo

3771 8935 3385 3632

Table 4: Number of analyzed organoid cells across developmental time points from Zenk et al.
(2024) dataset. EB refers to pluripotent embryoid bodies recorded at day 5, day is abbreviated as d, and
month is abbreviated as mo. Ret refers to retinal organoids, while all time points are taken from cerebral
organoids.

Cell # 410 3534 5830 8652

TPs 23d 1mo 1.5mo 2mo 3mo 4mo Smo 6mo
Cell # 29736 71372 38574 39299 159533 38348 31787 123765
Reduced | 2974 7138 3858 3930 15954 3835 3179 12377
Cell #

Table 5: Number of analyzed cells across developmental time points from Uzquiano et al. (2022)
dataset. Following data preprocessing with all cells, 10% of cells were randomly sampled for
downstream analysis at each timepoint. Day is abbreviated as d, while month is abbreviated as mo.

TPs 4d 7d 9d 11d 12d 16d 18d 21d 26d 31d 61d

Cell# |501 1309 |1630 |1560 |4100 |36l 5842 | 5721 |4538 |5181 |3345

Table 6: Number of analyzed cells across developmental time points from Fleck et al. (2022) dataset.
Day is abbreviated as d.

TPs GW-18 | GW-19 | GW-23 | GW-24 | <lyo |4yo |[6yo | 14yo |20yo | 39yo
Cell # 2801 3679 3102 4754 6406 | 5418 | 3693 | 8300 [ 1541 [ 5855
Reduced | 140 184 155 238 320 271 185 | 415 (77 293
Cell #

Table 7: Number of analyzed human cerebral cortex cells across developmental time points from
Zhu et al. (2022) dataset. Abbreviations are gestational week (GW), and year (yo). Following data
preprocessing with all cells, 5% of cells were randomly sampled for downstream analysis at each
timepoint.
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Chapter 4: Recap and Future Directions

4.1 Summary

Development and aging are dynamic processes, involving the interaction of complex regulatory
machinery at the molecular level. In many different species, males and females exhibit sexually
dimorphic traits, with differential lifespan and aging-related dysfunction. Why such differences
arise between biological sexes, and the mechanisms underlying such differences, continue to
remain unclear—modern researchers have implemented multi-omics data integration to begin
explaining these differences at the gene regulatory level. In this thesis, I investigated how the
regulation of synaptic gene networks—particularly through alternative splicing and
transcription—may contribute to sex-biased neurodevelopmental differences and aging
trajectories.

In Chapter 2, I conducted transcriptomic analysis on Drosophila melanogaster third
instar and adult bulk brain tissue. In doing so, I identified distinct patterns of synaptic alternative
splicing (AS) events that varied by both developmental stage and biological sex. Adult males
appeared to exhibit a disproportionately higher number of uniquely spliced synaptic isoforms and
enriched GO pathways compared to females—suggesting that sex-biased splicing becomes more
pronounced as Drosophila develop and age. Notably, I found sex-specific splice variants of
nAChRa7 and dprl5, genes involved in a number of synaptic function and neuronal signaling
pathways. Gene ontology semantic clustering analysis further revealed distinct functional
categories linked to these synaptic isoforms, reinforcing the notion that alternative splicing
contributes to sexually dimorphic aging in the brain.

In Chapter 3, I extended my analysis of Drosophila synaptic genes to human-derived
cells to assess the evolutionary conservation of synaptic gene regulation. By using a set of 332

high-confidence human orthologs of Drosophila synaptic genes, I demonstrated temporally
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coordinated expression across multiple human datasets spanning from the embryonic stage of
adulthood. However, single-cell chromatin accessibility appeared inversely related to synaptic
gene expression, hinting at dynamic chromatin modeling and possible TF-specific regulation
across each developmental time point. Additionally, a subset of Drosophila-identified synaptic
genes, including those involved in glutamatergic signaling, exhibited differential expression
patterns in human cortex tissue that mirrors developmental transitions in excitatory neurons.
In this final chapter, I introduce the transcription factor onecut as a candidate regulator of

synaptic genes in D. melanogaster, and provide both an experimental design and preliminary

results to characterize its functional role in synaptic development.

4.2 Open Questions
4.2.1 AS of synaptic genes across Drosophila development
I observed clear sex-biased differences in the alternative splicing of synaptic genes from
Drosophila third instar larvae to adult flies. These differences were clear not just across
developmental stages, but in a sex-biased manner as well, and most prominently at the adult
stage. Notably, I identified two distinct transcript isoforms of nACha7 that appeared to be
differentially upregulated in male and female adults, suggesting a sex-specific splicing
mechanism involved in excitatory neuronal signaling. These differences also extended to GO
analysis, as I found developmental- and sex-biased pathway enrichment across the GO
sub-ontologies.

Beyond the characterization of sex-biased splicing and pathway enrichment, there are
several questions that remain to be answered. Perhaps most importantly is the characterization of
synaptic splicing events across the Drosophila developmental continuum. Does the splicing of

synaptic genes change dynamically from embryogenesis through late adulthood? Akin to the
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analysis conducted by Kentro et al., a future experiment should seek to incorporate several more
developmental time points. In doing so, sex-biased patterns of splicing and gene expression may
become more distinct, giving insight into the regulatory mechanisms that contribute to
differences in synaptic development and longevity between the sexes. Similarly, I only analyzed
short-read sequencing with bulk tissue—using long-read sequencing, as well as considering
developmentally-coordinated synaptic expression at the single-cell resolution—will identify
cellular subpopulations that seem particularly impacted by differential splicing.

A recently developed extension of STAR for transcriptome alignment, STARsolo, allows
for modular, computationally-efficient mapping and quantification of scRNA-seq data (Kaminow
etal., 2021). STARsolo successfully outperformed other commonly used
pseudoalignment-to-transcriptome methods, such as CellRanger (Zheng et al., 2017),
kallisto-bustools (Melsted et al., 2021) and Alevin (Srivastava et al., 2019), on both simulated
and real-world scRNA-seq datasets. Moreover, STARsolo successfully detects alternative
splicing, isoform expression, polyadenylation and allele-specific expression in a
cell-type-specific manner (Kaminow et al., 2021). By using such a method, coupled with multi
omics integration pipelines like Model-based AnalysEs of Transcriptome and RegulOme
(MAESTRO) (Wang et al., 2020), it will be possible to identify candidate regulators that

coordinately alter both the transcriptomic and epigenomic landscapes in a sex-biased manner.

4.2.2 Conserved synaptic gene expression and chromatin accessibility patterns in
Drosophila, mice and humans

Moving from bulk analysis in Drosophila to single-cell analysis of human cells, I
identified similar gene expression trends that recapitulated across different lines and recorded

timepoints, and appeared to follow transcriptomic trends observed across major Drosophila
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developmental stages. One seemingly puzzling aspect of my findings, however, was the
divergence of chromatin accessibility at synaptic loci from synaptic gene expression in the Fleck
et al. (2022) dataset, over the course of cell development. I expected chromatin accessibility to
increase prior to synaptic gene transcription, yet observed a stark decrease in chromatin
accessibility prior to peak synaptic gene expression as the human cells matured (Figure 17C).

Does this observed pattern reflect more advanced regulatory machinery—specific
epigenetic and transcriptional temporal decoupling of synaptic genes—that is human specific? A
prior single-cell study of D. melanogaster embryonic development identified the pioneer TF
Zelda as opening chromatin regions much earlier than gene transcription in late embryonic stages
(Calderon et al., 2022). Moreover, chromatin accessibility at the gene Kah becomes accessible in
advance of gene transcription, while at the same time, the gene Mhc displays coordinated
chromatin accessibility and gene expression (Calderon et al., 2022). Thus, chromatin
accessibility does not always directly precede increased gene expression in Drosophila
embryonic development, as revealed through this study, in addition to several other multi-omics
analyses (Cusanovich et al., 2018; Reddington et al., 2020).

What, then, is driving this kind of temporally distinct chromatin remodeling in human
cells, which are developing for a far greater period of time than Drosophila embryos? By
identifying conserved synaptic and neuronal development-related gene activity across other
species, we may be able to identify evolutionarily conserved “decoupled” gene loci—ones that
are under complex regulatory control. It is also possible that the observed temporal decoupling is
driven by technical artifacts in the human cerebral organoid model used—a future single-cell
analysis may benefit from directly using human tissue, which will disentangle distinct biological

mechanisms from model-related limitations.
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Together, these findings highlight the importance of examining how upstream regulatory
mechanisms dynamically influence future gene expression. While genome-wide analyses provide
a clear overview of temporally coordinated gene expression and chromatin remodeling during
development, identifying changes at the cellular level are equally as important—a more clear
understanding of how transcription factory activity changes across development could provide a
cohesive framework for better understanding gene regulation. Which transcription factors
coordinate synaptic gene transcription across development and biological sexes? A compelling
candidate that has emerged from systems-level and multimodal analyses is the Onecut family of

TFs.

4.3 Candidate transcriptional synaptic regulation - Onecut TF family
A notable candidate transcriptional regulator of neuronal development and synaptic processes is
onecut. Contemporary research has implicated the Onecut TF family in a myriad of
developmental and neuronal processes, with conserved roles across invertebrate and mammalian
species (Kropp and Gannon 2016). In mice, for example, onecut is required for a developmental
phase of the A13 dopaminergic nucleus, as well as larger neuroanatomical structures, like the
locus coeruleus and mesencephalic trigeminal nucleus (Espana and Clotman 2012). In the marine
invertebrate Ciona robusta, onecut acts as a core regulator of neurotransmission in photoreceptor
cells, with downstream targets conserved across numerous species for retinal cell differentiation
(Vassalli et al. 2021).

In Drosophila, onecut is expressed in the brain, ventral nerve cord (VNC), sensory
complexes, and stomatogastric nervous system during embryogenesis, demonstrating its
importance in organ system-level developmental processes (Hammonds et al. 2013; Fisher et al.

2023). It also appears to act as a positive regulator of pan-neuronal gene transcription in C.
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elegans, potentially interacting or competing with other transcriptional regulators like DEAF1
and CLAMP. (Leyva-Diaz and Hobert 2022; Leyva-Diaz 2023). Kentro et al. integrated
scRNA-seq, scATAC-seq, and protein-protein interaction (PPI) data to predict GRNs that
co-regulate synaptic gene expression and binding motifs across Drosophila development (Kentro
et al. 2024; Khullar et al. 2024). They identified onecut among ten TFs that co-regulate 280
target synaptic genes across cell types and developmental time points (Kentro et al. 2024). Given
its expression in the Drosophila central nervous system (CNS) across developmental stages,
onecut appears to be a compelling candidate for investigating the transcriptional regulation of

sex-biased synaptic aging.

4.3.1 Experimental Design - In vivo validation of onecut

To investigate the role of onecut in synaptic development, I acquired two different RNA
interference (RNA1) lines, which I denote onecut-A and onecut-B (Perkins et al., 2015), and then
created genetic crosses. The onecut-A line is encoded on chromosome 3, while onecut-B is
encoded on chromosome 2—both lines target onecut, which is on chromosome 4. In my
preliminary experiment, these lines were driven by elav-Gal4, a pan-neuronal driver, in order to
ensure knockdown within the Drosophila CNS (Figure S8). Bouton morphology at the third
instar larval neuromuscular junction (NMJ) was selected as a phenotypic readout, given their role

in functional synaptic transmission.

4.3.2 Preliminary Results
At the time of writing, no clear morphological differences in synaptic bouton number were
observed between control (elav-Gal4 > GFP-RNAi) and knockdown (elav-Gal4 > onecut-RNAi)

lines. Several confounding variables limited interpretation. Notably, when generating the
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elav-Gal4 > onecut-RNAi line, I used the onecut-B line, which occasionally segregated with the
Cyo balancer. As I conducted micro dissections on third instar larvae, I was unable to determine
whether or not larvae exhibited this phenotype, since they did not reach adulthood. I have since
completed genetic balancing, and stable stocks have been created for both knockdown and
control lines (Figure 20). Although quantification of synaptic boutons remains ongoing, I have

acquired representative confocal images of larval NMJs for preliminary comparison (Figure 21).

4.3.3 Discussion & Conclusions

Predictive GRN and prior studies suggest that onecut may act as a primary regulator of neuronal
development and maintenance. How onecut functionally impacts D. melanogaster development
at the cellular level remains unclear. With my experimental crosses, it will be possible to identify
whether synaptic boutons are quantitatively affected at the third instar larval NMJ. Identifying
additional morphological changes induced by onecut overexpression or knockdown beyond
bouton count—in an automated way—appears to be certainly possible. Currently, bouton
counting is predominantly conducted using genotypic blinding in the image software FIJI (see
4.4.2). Prior research has developed image analysis algorithms that can be directly input as
F1JI-compatible macros, allowing for the quantification of not just boutons, but nine total
synaptic parameters, resulting in five distinct morphometric groupings: NMJ size, geometry,
muscle size, NMJ island counting, and active zone counting (Nijhof et al., 2016; Castells-Nobau
et al., 2017). Utilizing algorithmic implementations directly with imaging software, or even
training image-based machine learning models for NMJ morphology classification (Minty et al.,
2020; Maza et al., 2021; Singh et al., 2023), will allow for a more detailed characterization of the

regulatory role of onecut at the molecular level.
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Over the course of development, an organism experiences dynamic genetic and
epigenetic remodeling—in turn, leading to phenotypic differences as it matures. Developing a
system-level understanding of the regulatory mechanisms underlying these developmental
processes—as well as their conservation across various species—remains a monumental task. By
investigating how regulation changes across several different species—like alternative splicing,
gene expression and chromatin accessibility—researchers will be able to gain insight into

developmentally-coordinated activity, especially the processes that act in a sex-biased manner.

4.4 Materials and Methods

4.4.1 Drosophila stocks

The following fly lines used in this study were obtained from the Bloomington Drosophila Stock
Center (BDSC): elav‘*>-Gal4 (RRID:BDSC_458), UAS-GFP-RNAi (RRID:BDSC_9330),
UAS-onecut™S'#% (RRID:BDSC 35025), and UAS-onecut™"?**%* (RRID:BDSC_58336).
Balancer fly lines maintained in our lab (used to generate the correct crosses) are as follows:
double balancer (wDD/wDD;, IF/CyO; MKRS/TM6Tb), single balancer (wDD/wDD;;
MKRS/TMG6Tb), single balancer (wDD/wDD; IF/CyQO). All Drosophila melanogaster crosses
were set up with 10 males and 10 females and raised on molasses food (Lab Express, Type R) in

a 25°C incubator with controlled humidity and 12h light/dark cycle.

4.4.2 Phenotypic analysis of synapse number

Male third-instar larvae were sexed and dissected (Figure S9) in ice-cold Ca2+-free saline and
fixed for 6 minutes in Bouin’s Fixative (Electron Microscopy Sciences, Cat# 15990). Dissections
were washed several times with 1X PBS and then permeabilized with 1X PBS containing 0.1%

Triton-X (Fisher Scientific, Cat# BP151-100). Dissected larvae were then blocked either for 1
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hour at room temperature or overnight at 4°C in 1X PBS containing 0.1% Triton-X and 1% BSA
(Sigma-Aldrich, Cat# A7906). Dissections were incubated in primary antibodies overnight at
4°C and in secondary antibodies for 2—4 hours at room temperature or overnight at 4°C.
Dissected larvae were mounted in Vectashield (Vector Laboratories, Cat# H-1000-10). The
following antibodies were used at the indicated concentrations: mouse anti-Bruchpilot (Brp) at
1:100 (DSHB, Cat# nc82, RRID: AB 2314866), Alexa Fluor 488 goat anti-mouse at 1:500
(Invitrogen, Cat# A-11029, RRID: AB 2534088) and anti-Horseradish Peroxidase (HRP)
conjugated to Alexa Fluor 647 at 1:500 (Jackson ImmunoResearch Labs, Cat# 123-605-021,
RRID: AB 2338967).

Larval NMJ images were taken on a Nikon A1R HD confocal microscope with a 40x oil
immersion objective. Boutons were quantified at the highly stereotyped larval NMJ4 muscle
segments, A2-A4. A bouton was defined as a bulbous swelling highlighted by the neuronal
membrane marker HRP and co-stained with the active zone marker Brp. Quantification of
bouton number was performed masked to genotype/condition using the “multi-point” tool in

F1JI/ImageJ (NIH, RRID: SCR _003070). Sample sizes were based on a prior published study.
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4.5 Figures
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Figure 20: Crossing schemes for onecut-A and control lines. (A) Experimental (onecut-RNAi
A line) crosses to create viable stock for larval bouton quantification. (B) Control (GFP-RNAi)

crosses to create a viable comparison for the experimental onecut-A line. Created with
BioRender.com.

107



Figure 21: Representative confocal images of Drosophila melanogaster third instar larval
NMJ A4. High-magnification maximum intensity projections of two confocal images of larval
NMJ A4 at 75% image-size. (A) NMJ of male elav-Gal4 > Onecutyy,;B third instar larva.
Multipoint tool labels represented by yellow and white plus-shaped marks. (B) NMJ of male
elav-Gal4 > GFPyy,; third instar larva. Synaptic boutons are highlighted by the neuronal
membrane marker HRP in pink, and co-stained with the active zone marker Brp in blue.
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Figure S8: Crossing schemes for onecut-B and control lines. (A) Experimental
(onecut-RNAi-B line) and (B) control (GFP-RNAI) crosses using elav-Gal4 driver. Created with

BioRender.com.

109



uncut  diagonal square triangle

Figure S9: Third instar larvae microdissection steps. (A) A larva is placed on a sylgard disc,
dorsal side up. (B) Larva pinned at anterior and posterior ends with pins, fully stretched out. (C)
Horizontal cuts are made with microdissection scissors on each end of the larva. (D) The body
wall is unfurled and pinned down at each corner to resemble a rectangle shape, followed by (E)
cleaning of the internal organs. (F) Methods of distinguishing genotypes after dissection. (G)
Stretched and pinned body wall, scale bar = Imm. Adapted from Wang et al. (2015).
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Appendix A: Top 332 human synaptic gene orthologs

IFlyBaseID Fly Symbol Human Symbol IEnsembl ID

FBgn0038693 unc79 [UNC79 ENSG00000133958
FBgn0037754 CG8500 DIRAS2 ENSG00000165023
FBgn0261041 stj CACNA2D3 ENSG00000157445
FBgn0013973 Gycbetal 00B GUCY1BI ENSG00000061918
FBgn0039420 CG6154 DPEP1 ENSG00000015413
FBgn0023179 amon PCSK2 ENSG00000125851
FBgn0033911 VGAT SLC32Al1 ENSG00000101438
FBgn0036319 Ent3 SLC29A4 ENSG00000164638
FBgn0010329 Tbh DBH ENSG00000123454
FBgn0033932 Dh44-R1 CRHR1 ENSG00000120088
FBgn0039536 unc80 [UNC80 ENSG00000144406
FBgn0000303 ChAT CHAT ENSG00000070748
FBgn0003091 PkcS3E PRKCA ENSG00000154229
FBgn0260943 Rbp6 MSI2 ENSG00000153944
FBgn0031081 Nep3 ECEI ENSG00000117298
FBgn0261794 [kee SLC12A4 ENSG00000124067
FBgn0033368 CG13743 SLC38A1l ENSG00000169507
FBgn(0270928 VAChT SLC18A3 ENSG00000187714
FBgn0034135 Syn2 SNTG1 ENSG00000147481
FBgn0266377 Pde8 PDESB ENSG00000113231
FBgn0030613 Rab3-GEF MADD ENSG00000110514
FBgn0030706 Lrp4 LRP4 ENSG00000134569
FBgn0005564 Shal KCND2 ENSG00000184408
FBgn0003093 PkcO8E PRKCE ENSG00000171132
FBgn0264386 Ca-alphal T CACNALI ENSG00000100346
FBgn0085390 Dgk DGKB ENSG00000136267
FBgn0034136 DAT SLC6A2 ENSG00000103546
FBgn0035649 CG10483 XPR1 ENSG00000143324
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FBgn0039915 Gat SLC6A1 ENSG00000157103
FBgn0028481 CG4341 TMTC2 ENSG00000179104
FBgn(0259221 ATPSA ATP8A1 ENSG00000124406
FBgn0260446 GABA-B-R1 GABBRI1 ENSG00000204681
FBgn0010014 CanB PPP3R1 ENSG00000221823
FBgn0033500 CG12913 CSGALNACT!I ENSG00000147408
FBgn0263456 nwk FCHSD2 ENSG00000137478
FBgn0039770 CG15537 CRHBP ENSG00000145708
FBgn0033876 Syngr SYNGR1 ENSG00000100321
FBgn0031765 CG9109 B3GLCT ENSG00000187676
FBgn0040348 CG3703 RUNDCI ENSG00000198863
FBgn0034567 CG15651 FKRP ENSG00000181027
FBgn0004516 Gadl GAD1 ENSG00000128683
FBgn0033054 CG14591 TMEM164 ENSG00000157600
FBgn0022382 Pka-R2 PRKAR2A ENSG00000114302
FBgn0033031 CG8245 TMEMS53 ENSG00000126106
FBgn0035245 GC GGCX ENSG00000115486
FBgn0032593 Trpgamma TRPC4 ENSG00000133107
FBgn0033500 CG12913 CSGALNACT2  [ENSG00000169826
FBgn0028704 Nckx30C SLC24A2 ENSG00000155886
FBgn0032013 Scgalpha SGCE ENSG00000127990
FBgn0034789 PIPSK59B PIPSK1A ENSG00000143398
FBgn0039911 CG1909 RAPSN ENSG00000165917
FBgn0031716 CG14015 MANEA ENSG00000172469
FBgn0265262 [Vha68-1 ATPO6V1A ENSG00000114573
FBgn0000346 comt INSF ENSG00000073969
FBgn0035187 Trh TPHI ENSG00000129167
FBgn0031424 VGlut SLC17A6 ENSG00000091664
FBgn0002917 na INALCN ENSG00000102452
FBgn0003386 Shaw KCNC2 ENSG00000166006
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FBgn0010240 Lcch3 GABRB3 ENSG00000166206
FBgn0024941 RSG7 RGS7 ENSG00000182901
FBgn0029105 alpha-Catr CTNNALLI ENSG00000119326
FBgn0019985 mGIuR GRM3 ENSG00000198822
FBgn0052944 CG32944 STK32A ENSG00000169302
FBgn0052944 CG32944 STK32B ENSG00000152953
FBgn0003386 Shaw KCNCI ENSG00000129159
FBgn0032151 nAChRalpha6 CHRNA7 ENSG00000175344
FBgn0032151 nAChRalpha6 CHRFAM7A ENSG00000166664
FBgn0086778 nAChRalpha?7 CHRNA7 ENSG00000175344
FBgn0086778 nAChRalpha7 CHRFAM7A ENSG00000166664
FBgn0036544 Sff BRSK|1 ENSG00000160469
FBgn0028875 nAChRalphas CHRNA7 ENSG00000175344
FBgn0030897 Frql NCS|1 ENSG00000107130
FBgn0035733 CG8641 RASDI ENSG00000108551
FBgn0083228 Frq2 NCS1 ENSG00000107130
FBgn0038641 ChT SLC5A7 ENSG00000115665
FBgn0052843 Dh31-R CALCRL ENSG00000064989
FBgn0000108 Appl APLP2 ENSG00000084234
FBgn0038165 Task6 KCNK3 ENSG00000171303
FBgn0038165 Task6 KCNK15 ENSG00000124249
FBgn0030358 CG10362 PDZDS ENSG00000165650
FBgn0037690 Task7 KCNK3 ENSG00000171303
FBgn0037690 Task7 KCNK15 ENSG00000124249
FBgn0260964 Vmat SLC18A1 ENSG00000036565
FBgn0023416 Ac3 ADCY3 ENSG00000138031
FBgn0027575 GABA-B-R2 GABBR2 ENSG00000136928
FBgn0004619 GIuRIA GRIA3 ENSG00000125675
FBgn0010399 Nmdarl GRIN1 ENSG00000176884
FBgn0085413 CG34384 DGKH ENSG00000102780
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FBgn0003429 slo KCNMALI ENSG00000156113
FBgn0267002 unc-104 KIF1A ENSG00000130294
FBgn0035756 unc-13-4A BAIAP3 ENSG00000007516
FBgn0013334 Sap47 SYAP1 ENSG00000169895
FBgn0025391 Scgdelta SGCD ENSG00000170624
FBgn0037690 Task7 KCNK9 ENSG00000169427
FBgn0033958 jef MFESD6 ENSG00000151690
FBgn0036544 stf BRSK2 ENSG00000174672
FBgn0053513 Nmdar2 GRIN2D ENSG00000105464
FBgn0031064 CG12531 SLC7A14 ENSG00000013293
FBgn0039530 Tusp TULP4 ENSG00000130338
FBgn0004622 TkR99D TACR3 ENSG00000169836
FBgn0029834 CG5937 ARFGEF3 ENSG00000112379
FBgn0051140 CG31140 DGKQ ENSG00000145214
FBgn0024963 GluClalpha GLRAI ENSG00000145888
FBgn(0267252 Ggamma30A GNG13 ENSG00000127588
FBgn0037130 Synl SNTB1 ENSG00000172164
FBgn0000037 mAChR-A CHRM1 ENSG00000168539
FB2gn0003380 Sh KCNA3 ENSG00000177272
FBgn0285944 para SCN2A ENSG00000136531
FBgn0038839 Ktl KCTD12 ENSG00000178695
FBgn0037130 Synl SNTB2 ENSG00000168807
FBgn0265959 rdgC PPEF1 ENSG00000086717
FBgn0004242 Sytl SYTI ENSG00000067715
FBgn0038975 Nrx-1 INRXN1 ENSG00000179915
FBgn0000037 mAChR-A CHRM3 ENSG00000133019
FBgn0005586 Rab3 RAB3C ENSG00000152932
FBgn0036984 CG13248 SLC7A4 ENSG00000099960
FBgn0013972 Gycalpha99B GUCY1A2 ENSG00000152402
FBgn0003380 Sh KCNAL1 ENSG00000111262
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FBgn0285944 para SCNEA ENSG00000196876
FBgn0004118 nAChRbeta2 CHRNA3 ENSG00000080644
FBgn0037326 CG14669 RASL10B ENSG00000270885
FBgn0042696 NI INFIC ENSG00000141905
FBgn0259111 Ndael SLC4A8 ENSG00000050438
FBgn0034720 Liprin-gamma KAZN ENSG00000189337
FBgn0038839 Ktl KCTD16 ENSGO00000183775
FBgn0031294 [A-2 PTPRN ENSG00000054356
FBgn0004575 Syn SYN3 ENSG00000185666
FBgn0031065 CG14234 TMEM198 ENSG00000188760
FBgn0038042 Scgbeta SGCB ENSG00000163069
FBgn0004580 Cbp53E CALB2 ENSG00000172137
FBgn0042696 NI INFIA ENSG00000162599
FBgn0262483 Rbp RIMBP2 ENSG00000060709
FBgn0034950 Pask PASK ENSG00000115687
FBgn0037989 ATPSB ATP8B2 ENSG00000143515
FBgn0052333 CG32333 FAM135A ENSG00000082269
FBgn0086913 Rab26 RAB26 ENSG00000167964
FBgn0263131 CG43373 ADCY'5 ENSG00000173175
FBgn0031116 CG1695 SGSM2 ENSG00000141258
FBgn0260657 CG42540 STOM ENSG00000148175
FBgn0052085 CG32085 FBXL16 ENSG00000127585
FBgn0039282 Bili FRMDS ENSG00000126391
FBgn0027491 Cdk5alpha CDKS5R1 ENSG00000176749
FBgn0264000 GluRIB GRIA4 ENSG00000152578
FBgn0029761 SK KCNN3 ENSG00000143603
FBgn0032946 nrv3 ATP1B1 ENSG00000143153
FBgn0011676 Nos INOS3 ENSG00000164867
FBgn0033058 CCHa2-R BRS3 ENSG00000102239
FBgn0001991 Ca-alphalD CACNA1D ENSG00000157388
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FBgn0001991 Ca-alphalD CACNALS ENSG00000081248
FBgn0011676 Nos NOS1 ENSG00000089250
FBgn0000036 nAChRalphal CHRNA6 ENSG00000147434
FBgn0039380 CG5890 KCNIP1 ENSG00000182132
FBgn0083963 Nig3 NLGN4X ENSG00000146938
FBgn0083963 Nig3 NLGN1 ENSG00000169760
FBgn0083963 Nlg3 NLGN3 ENSG00000196338
FBgn0263111 cac CACNAIA ENSG00000141837
FBgn0020269 mspo SPON2 ENSG00000159674
FBgn0259099 DCX-EMAP EML4 ENSG00000143924
FBgn0259099 DCX-EMAP EML1 ENSG00000066629
FBgn0035050 SiaT ST6GAL2 ENSG00000144057
FBgn0027654 idp DNAJC12 ENSG00000108176
FBgn0261804 CG42750 DPEP2 ENSG00000167261
FBgn0053147 Hs3st-A HS3STS ENSG00000249853
FBgn0050418 nord NDNF ENSG00000173376
FBgn0028879 CG15270 ANOS ENSG00000074855
FBgn0031835 CG11319 DPP10 ENSG00000175497
FBgn0034985 CG3328 MYRF ENSG00000124920
FBgn0025625 Sik2 SIK2 ENSG00000170145
FBgn0039054 Cow SPOCK3 ENSG00000196104
FBgn0041707 7B2 SCG5 ENSG00000166922
FBgn0265487 mbl MBNL2 ENSG00000139793
FBgn0259099 DCX-EMAP EML2 ENSG00000125746
FBgn0039054 Cow SPOCK2 ENSG00000107742
FBgn0264815 Pdelc PDEIA ENSG00000115252
FBgn0266098 r NBEA ENSG00000172915
FBgn0010414 SerT SLC6A4 ENSG00000108576
FBgn0053547 Rim RIMS ENSG00000079841
FBgn0053547 Rim RIMS2 ENSG00000176406
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FBgn0028400 Syt4 SYT11 ENSG00000132718
FBgn0028400 Syt4 SYT4 ENSG00000132872
FBgn0264006 dysc WHRN ENSG00000095397
FBgn0259241 CG42339 SBSPON ENSG00000164764
FBgn0031299 CG4629 INIM1K ENSG00000177453
FBgn0051619 nolo ADAMTSL1 ENSG00000178031
FBgn0051619 nolo ADAMTSL3 ENSG00000156218
FBgn0013342 nSyb [VAMP2 ENSG00000220205
FBgn0039396 CCAP-R [NPSR1 ENSG00000187258
FBgn0000039 nAChRalpha2 CHRNA2 ENSG00000120903
FBgn0028743 Dhit RGS17 ENSG00000091844
FBgn0004168 5-HT1A HTRI1A ENSG00000178394
FBgn0259110 mmd ADAMI1 ENSG00000073670
FBgn0085386 CG34357 GUCY2D ENSG00000132518
FBgn0051646 DIP-theta OPCML ENSG00000183715
FBgn0029837 Tsp5D TSPANO9 ENSG00000011105
FBgn0041605 cpx CPLX1 ENSG00000168993
FBgn0085447 sif TIAM1 ENSG00000156299
FBgn0000024 Ace BCHE ENSG00000114200
FBgn0028743 Dhit RGS20 ENSG00000147509
FBgn0005659 Ets98B SPDEF ENSG00000124664
FBgn0259222 CG42322 SLC35F3 ENSG00000183780
FBgn0004513 Mdr65 ABCB4 ENSG00000005471
FB2gn0034070 SP2353 EGFLAM ENSG00000164318
FBgn0040281 Aplipl MAPKSIP1 ENSG00000121653
FBgn0041723 rho-5 RHBDF1 ENSG00000007384
FBgn0261086 Syt14 SYT16 ENSG00000139973
FBgn0261086 Syt14 SYT14 ENSG00000143469
FBgn0024913 Actbeta INHBA ENSG00000122641
FBgn0037698 CG16779 ZNF541 ENSG00000118156
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FBgn0259822 Ca-beta CACNBI1 ENSG00000067191
FBgn(0259822 Ca-beta CACNB2 ENSG00000165995
FBgn0024913 Actbeta INHBB ENSG00000163083
FBgn0262593 Shab KCNBI1 ENSG00000158445
FBgn0039883 RhoGAP100F SYDE2 ENSG00000097096
FBgn0039883 RhoGAP100F SYDE1 ENSG00000105137
FBgn0030634 CG9164 WSCD2 ENSG00000075035
FBgn0260660 [Mp COL15A1 ENSG00000204291
FBgn0036934 sNPF-R PRLHR ENSG00000119973
FBgn0283680 [P3K2 ITPKB ENSG00000143772
FBgn0259821 CG42402 EVAIC ENSG00000166979
FBgn0283680 [P3K2 ITPKA ENSG00000137825
FBgn0029663 CG10804 SLC6A18 ENSG00000164363
FBgn0262562 CG43102 ARHGEF17 ENSG00000110237
FBgn0016975 stnB STON2 ENSG00000140022
FBgn0052082 IRSp53 BAIAP2 ENSG00000175866
FBgn0264574 Glutl SLC2A3 ENSG00000059804
FBgn0259150 OtopLc OTOP2 ENSG00000183034
FBgn0038237 Pde6 PDE11A ENSG00000128655
FBgn0263029 CG43324 GNG12 ENSG00000172380
FBgn0261085 Syt12 SYT12 ENSG00000173227
FBgn0064123 stgl CACNG7 ENSG00000105605
FBgn0038653 Octalpha2R ADRA2A ENSG00000150594
FBgn0031414 eys EYS ENSG00000188107
FBgn0259246 brp ERC1 ENSG00000082805
FBgn0053517 Dop2R DRD2 ENSG00000149295
FBgn0259994 OtopLa OTOP1 ENSG00000163982
FBgn0263772 CG43689 MYTIL ENSG00000186487
FBgn(0263772 CG43689 ST18 ENSG00000147488
FBgn(0263772 CG43689 MYTI ENSG00000196132
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FBgn0259108 futsch MAPIB ENSG00000131711
FBgn0259246 brp ERC2 ENSG00000187672
FBgn0038880 SIFaR NPFFR2 ENSG00000056291
FBgn0267796 Tmc TMC3 ENSG00000188869
FBgn0259935 CG42458 HNRNPCL1 ENSG00000179172
FBgn(0259935 CG42458 HNRNPC ENSG00000092199
FBgn0038880 SIFaR INPFFR1 ENSG00000148734
FBgn0261788 [Ank2 ANK?2 ENSG00000145362
FBgn0034692 CG13502 ODADA4 ENSG00000204815
FBgn0261928 CG42795 TBC1D30 ENSG00000111490
FBgn0259171 Pde9 PDE9A ENSG00000160191
FBgn0086708 stv BAG3 ENSG00000151929
FBgn0086708 stv BAG4 ENSG00000156735
FBgn0259146 fid TRMTO9B ENSG00000250305
FBgn0265416 [Neto INETO2 ENSG00000171208
FBgn0085419 Rgk?2 REM1 ENSG00000088320
FBgn0264542 hwt SHF ENSG00000138606
FBgn0004573 5-HT7 HTR7 ENSG00000148680
FBgn0265182 CG44247 INPDC1 ENSG00000107281
FBgn0038980 OctbetalR HTR4 ENSG00000164270
FBgn0087011 CG41520 ANGPT]I ENSG00000154188
FBgn(0259927 CG42450 RGS11 ENSG00000076344
FBgn0050361 mtt GRMS ENSG00000179603
FBgn0052183 Ccn CCN2 ENSG00000118523
FBgn0264339 CG43795 GPR158 ENSG00000151025
FBgn0051665 Wry DNER ENSG00000187957
FBgn0264753 Rgkl RRAD ENSG00000166592
FBgn0038246 CG14853 ERICH2 ENSG00000204334
FBgn0033504 CAP SORBS1 ENSG00000095637
FBgn0039084 CG10175 CES2 ENSG00000172831
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FBgn0039084 CG10175 CESSA ENSG00000159398
FBgn0052225 CG32225 LAMPS ENSG00000125869
FBgn0035538 DopEcR GPR52 ENSG00000203737
FBgn0051660 smog GPR158 ENSG00000151025
FBgn0033192 Corin CORIN ENSG00000145244
FBgn0266137 Dopl1R2 ADRAID ENSG00000171873
FBgn0031697 CG14024 CHSTI10 ENSG00000115526
FBgn0035287 CG13937 CHSTI10 ENSG00000115526
FBgn0266137 Dop1R2 ADRA1B ENSG00000170214
FBgn0266579 tau MAPT ENSG00000186868
FBgn0037408 INPFR INPYSR ENSG00000164129
FBgn0052311 zormin CCDCl141 ENSG00000163492
FBgn0037408 NPFR NPY4R ENSG00000204174
FBgn0037408 INPFR NPY1R ENSG00000164128
FBgn0000038 nAChRbetal CHRNAI1 ENSG00000138435
FBgn0261090 Sytbeta SYT6 ENSG00000134207
FBgn0261090 Sytbeta SYT10 ENSG00000110975
FBgn0261090 Sytbeta SYT9 ENSG00000170743
FBgn0028370 [kek3 LRRC4C ENSG00000148948
FBgn0029708 CG3556 CBLIF ENSG00000134812
FBgn0029708 CG3556 TCN1 ENSG00000134827
FBgn0035477 CG14982 FAM110D ENSG00000197245
FBgn0035477 CG14982 FAM110B ENSG00000169122
FBgn0035477 CG14982 FAM110A ENSG00000125898
FBgn0035477 CG14982 FAM110C ENSG00000184731
FBgn0262018 CadN2 CDH1 ENSG00000039068
FBgn0262869 Gfrl GFRAL ENSG00000187871
FBgn0035331 MsR1 GPR139 ENSG00000180269
FBgn0013467 igl SPA17 ENSG00000064199
FBgn0085380 CG34351 RGS7BP ENSG00000186479
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FBgn0038295 Gyc88E GUCY1B2 ENSG00000123201
FBgn0010114 hig CR2 ENSG00000117322
FBgn0010114 hig SELP ENSG00000174175
FBgn0039862 [kek6 LRFN1 ENSG00000128011
FBgn0028888 CG4168 IGFALS ENSG00000099769
FBgn0034286 dprl3 CD86 ENSG00000114013
FBgn0014073 Tie TEK ENSG00000120156
FBgn0039862 [kek6 LRRC24 ENSG00000254402
FBgn0053988 Midl NALF2 ENSG00000130054
FBgn0053988 [Mid1 INALF1 ENSG00000204442
FBgn0035719 tow Clorf21 ENSG00000116667
FBgn0034788 CG13532 ICOSLG ENSG00000160223
FBgn0034788 CG13532 LOC102723996  [ENSG00000277117
FBgn0029974 dprl4 CADM?2 ENSG00000175161
FBgn0029974 dpr14 CADMA4 ENSG00000105767
FB2gn0037993 dprl5 CADM4 ENSG00000105767
FBgn0037993 dprl5 CADM2 ENSG00000175161
FBgn0037908 dpr5 CADM?2 ENSG00000175161
FBgn0037908 dpr5 CADM4 ENSG00000105767
FBgn0261871 dpr2 CADM2 ENSG00000175161
FBgn0261871 dpr2 CADM4 ENSG00000105767
FBgn0260995 dpr21 CADM?2 ENSG00000175161
FBgn0260995 dpr21 CADMA4 ENSG00000105767
FBgn0033250 CG14762 INYX ENSG00000188937
FBgn0040351 CG11638 CABP4 ENSG00000175544
FBgn0083950 side-VI CADM?2 ENSG00000175161
FBgn0259213 side-1I CADM?2 ENSG00000175161
FBgn0086604 side-VIII CADM2 ENSG00000175161
FBgn0250908 beat- VII CD80 ENSG00000121594
FBgn0035010 CG13579 TAARI1 ENSG00000146399
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FBgn0037736 side-VII CADM2 ENSG00000175161
FBgn0037736 side-VII PSG8 ENSG00000124467
FBgn0260793 2mit PODNLI ENSG00000132000
FBgn0052057 dpr10 LRIT3 ENSG00000183423
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Appendix B: Top 332 human random gene orthologs

IFlyBaseID Fly Symbol Human Symbol IEnsembl ID

FBgn0262619 DNAligl LIG1 ENSG00000105486
FBgn0039407 CG14544 TRMT61A ENSG00000166166
FBgn0030482 CG1673 BCAT1 ENSG00000060982
FBgn0038056 CG5961 FBXO9 ENSG00000112146
FBgn0027338 Kap-alpha3 KPNA4 ENSG00000186432
FBgn0250788 beta-Spec SPTBN1 ENSG00000115306
FBgn0035064 TyrRS-m 'YARS2 ENSG00000139131
FBgn0266724 Trs20 TRAPPC2 ENSG00000196459
FBgn0037901 Exd2 EXD2 ENSG00000081177
FBgn0058045 CG40045 (UBE2G1 ENSG00000132388
FBgn0027082 ProRS-m PARS?2 ENSG00000162396
FBgn0034046 tun INTAQ1 ENSGO00000156795
FBgn0028693 Rpnl2 PSMD8 ENSG00000099341
FBgn0027090 GInRS QARSI ENSG00000172053
FBgn0002719 [Men ME1 ENSG00000065833
FBgn0033762 ZnT49B SLC30A9 ENSG00000014824
FBgn0250837 dUTPase DUT ENSG00000128951
FBgn0035383 CPT2 CPT2 ENSG00000157184
FBgn0027087 HisRS HARSI ENSG00000170445
FBgn0000588 esc EED ENSG00000074266
FBgn0027779 [VhaSFD ATP6V1H ENSG00000047249
FBgn0032487 Ski6 EXOSC4 ENSG00000178896
FBgn0028737 eEF Ibeta EEF1B2 ENSG00000114942
FBgn0029648 CG3603 HSD17B8 ENSG00000204228
FBgn0039869 CG1890 TBCA ENSG00000171530
FBgn0026430 Grip84 TUBGCP2 ENSG00000130640
FBgn0036733 U4-U6-60K PRPF4 ENSGO00000136875
FBgn0030973 CG7332 MINDY3 ENSG00000148481
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FBgn0038771 CG4390 ESD ENSG00000139684
FBgn0085377 CG34348 TMEMG68 ENSG00000167904
FBgn0016698 Ptpa PTPA ENSG00000119383
FBgn0036921 RhoGDI (ARHGDIA ENSG00000141522
FBgn0027580 PCB PC ENSG00000173599
FBgn0031600 CG3652 YIPF6 ENSG00000181704
FBgn0028691 Rpn9 PSMD13 ENSG00000185627
FBgn0036762 CG7430 DLD ENSG00000091140
FBgn0037370 CG1236 GRHPR ENSG00000137106
FBgn0046296 DEF8 DEFS8 ENSG00000140995
FBgn0035839 CG7550 ADO ENSG00000181915
FBgn0039357 CG4743 SLC25A26 ENSG00000144741
FBgn0053544 Vkor [VKORC1 ENSG00000167397
FBgn0000317 ck MYO7A ENSG00000137474
FBgn0017558 Pdk PDK3 ENSG00000067992
FBgn0030230 Rph RPH3A ENSG00000089169
FBgn0261396 Rpn3 PSMD3 ENSG00000108344
FBgn0003415 skd MEDI13 ENSG00000108510
FBgn0035916 GAPsec TBC1D13 ENSG00000107021
FBgn0038662 Mpcl MPC1 ENSG00000060762
FBgn0037087 CG7519 PBDC1 ENSG00000102390
FBgn0283450 Glol GLO1 ENSG00000124767
FBgn0027546 CG4766 MAB21L2 ENSG00000181541
FB2gn0039636 Atgl4 ATG14 ENSG00000126775
FBgn0022213 Csel CSEIL ENSG00000124207
FBgn0086384 [Mer NF2 ENSG00000186575
FBgn0038013 CG10038 FAM172A ENSG00000113391
FBgn0037021 CG11399 PCIF1 ENSG00000100982
FBgn0031639 mRpS2 MRPS2 ENSG00000122140
FBgn0037603 CG11753 SYS1 ENSG00000204070
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FBgn0035206 sturkopf LDAH ENSG00000118961
FBgn0038115 CG7966 SELENBP1 ENSG00000143416
FBgn(0259482 [Mob3 MOB3A ENSG00000172081
FBgn0260985 RfC4 RFC2 ENSG00000049541
FBgn0037466 CG1965 PAXBP1 ENSG00000159086
FBgn0005655 PCNA PCNA ENSG00000132646
FBgn0036741 anchor GPR155 ENSG00000163328
FBgn0261276 Opal OPA1 ENSG00000198836
FBgn0037377 CG1218 HPF1 ENSG00000056050
FBgn0085224 CG34195 METTL6 ENSG00000206562
FBgn0033699 RpS11 RPS11 ENSG00000142534
FBgn0040271 Sulfl SULF1 ENSG00000137573
FB2n0020909 Rtcl RCLI1 ENSG00000120158
FBgn0000183 BicD BICD2 ENSG00000185963
FBgn0262117 IntS3 INTS3 ENSG00000143624
FB2gn0029833 [MCTS1 MCTS1 ENSG00000232119
FBgn0035965 Usel USE1 ENSG00000053501
FBgn0030177 CG2972 INOBI1 ENSG00000141101
FBgn0263606 Hsc20 HSCB ENSG00000100209
FBgn0260962 pic DDB1 ENSG00000167986
FBgn0034915 elF6 EIF6 ENSG00000242372
FBgn0030645 Algl14 ALG14 ENSG00000172339
FBgn0260859 Bet3 TRAPPC3 ENSG00000054116
FBgn0023388 Dap160 ITSN1 ENSG00000205726
FBgn0264672 [Eogt EOGT ENSG00000163378
FBgn0013954 Fkbpl2 FKBPIB ENSG00000119782
FBgn0035603 Pfdn4 PFDN4 ENSG00000101132
FBgn0024947 [NTPase ENTPDS5 ENSG00000187097
FBgn0051156 CG31156 SRBD1 ENSG00000068784
FBgn(0262467 Scox SCO1 ENSG00000133028
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FBgn0053198 pen-2 PSENEN ENSG00000205155
FBgn0038597 CG8064 'WDR3 ENSG00000065183
FBgn0038660 Sgsh SGSH ENSG00000181523
FBgn0034243 [Ns2 GNL2 ENSG00000134697
FBgn0032720 mRpL13 MRPL13 ENSG00000172172
FBgn0003941 RpL40 UBAS2 ENSG00000221983
FBgn0039713 RpS8 RPS8 ENSG00000142937
FBgn0020513 Paics PAICS ENSG00000128050
FBgn0260639 gammaTub23C TUBGI ENSG00000131462
FBgn0037647 RagA-B RRAGA ENSG00000155876
FBgn0028499 CG7985 HEXD ENSG00000169660
FBgn0041147 ida [ANAPCS ENSG00000089053
FBgn0264492 Ckllalpha CSNK2A1 ENSG00000101266
FBgn0031566 CG2818 GPCPD1 ENSG00000125772
FBgn0035890 CG13667 INDOR1 ENSG00000188566
FBgn0039877 [Mccel MCCCl1 ENSG00000078070
FBgn0001986 Mtr4 MTREX ENSG00000039123
FBgn0037647 RagA-B RRAGB ENSG00000083750
FBgn0038524 sll SLC35B2 ENSG00000157593
FBgn0032061 CG9314 CAT ENSG00000121691
FBgn0024887 [kin17 KIN ENSG00000151657
FBgn0042083 Mccc?2 MCCC2 ENSG00000131844
FBgn0040273 Spt5 SUPT5H ENSG00000196235
FBgn0032256 RIuA-2 RPUSD2 ENSG00000166133
FBgn0038740 CG4562 ABCC4 ENSG00000125257
FBgn0035082 CG2811 GGACT ENSG00000134864
FBgn0037756 CG8507 LRPAP1 ENSG00000163956
FBgn0033544 CG7220 (UBE2W ENSG00000104343
FBgn0032732 EMCS5 MMGT1 ENSG00000169446
FBgn0039465 Tsp97E TSPAN13 ENSG00000106537
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FBgn0010215 alpha-Cat CTNNA2 ENSG00000066032
FBgn0020388 Gen5 KAT2A ENSG00000108773
FBgn0024957 [rp-1B ACO1 ENSG00000122729
FBgn0004924 Topl TOP—+1.00 ENSG00000198900
FBgn0003360 sesB SLC25A4 ENSG00000151729
FBgn0027872 rdgBbeta PITPNCI ENSG00000154217
FBgn0039293 Alg9 ALGY ENSG00000086848
FBgn0023169 [AMPKalpha PRKAA2 ENSG00000162409
FBgn0033055 Tbce TBCE ENSG00000284770
FBgn0034033 CG8204 ZNHIT3 ENSG00000273611
FBgn0034707 [MED16 MED16 ENSG00000175221
FBgn0013997 Nrx-1V CNTNAP2 ENSG00000174469
FBgn0034646 Rael RAEI ENSG00000101146
FBgn0034259 P32 C1QBP ENSG00000108561
FBgn0024994 Ugalt SLC35A2 ENSG00000102100
FBgn0051866 Adal-2 TADA1 ENSG00000152382
FBgn0034532 CG13436 CFAP206 ENSG00000272514
FBgn0032475 Stfmbt MBTD1 ENSG00000011258
FBgn0033669 PI31 PSMF1 ENSG00000125818
FBgn0039427 CG5447 GOLGA7 ENSG00000147533
FBgn0004643 Zw10 ZW10 ENSG00000086827
FBgn0036614 Golgin104 CCDC186 ENSG00000165813
FBgn0262954 Rpb12 POLR2K ENSG00000147669
FBgn0030311 CG11699 TMEM?242 ENSG00000215712
FBgn0037881 GCC88 GCCl1 ENSG00000179562
FBgn0010215 alpha-Cat CTNNALI ENSG00000044115
FBgn0023167 SmD3 SNRPD3 ENSG00000100028
FBgn0053057 CG33057 TRPT1 ENSG00000149743
FBgn0051717 CG31717 PLPP6 ENSG00000205808
FBgn0052590 CG32590 BORCS8 ENSG00000254901
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FBgn0286788 Orcl ORC1 ENSG00000085840
FBgn0029755 Sas10 (UTP3 ENSG00000132467
FBgn0260407 mRpS23 MRPS23 ENSG00000181610
FBgn0034002 CG8079 AGGF1 ENSG00000164252
FBgn0036770 Prestin SLC26A5 ENSG00000170615
FBgn0085436 [Not1 CNOT1 ENSG00000125107
FBgn0037094 CG7611 WDR26 ENSG00000162923
FBgn0039427 CG5447 GOLGA7B ENSG00000155265
FBgn0000114 brul CELF1 ENSG00000149187
FBgn0031977 baf BANF1 ENSG00000175334
FBgn0039561 mfrn SLC25A37 ENSG00000147454
FBgn0022361 Pur-alpha PURA ENSG00000185129
FBgn0034876 wmd STRAP ENSG00000023734
FBgn0032456 MRP ABCC3 ENSG00000108846
FBgn0039152 Root CROCC ENSG00000058453
FBgn0038300 [Mau2 MAU2 ENSG00000129933
FBgn0086613 [no80 INO8O ENSG00000128908
FBgn0025621 CG16989 HEATR6 ENSG00000068097
FBgn0053506 CG33506 TMEM177 ENSG00000144120
FBgn0037109 MED1 MED1 ENSG00000125686
FBgn0031238 CG3645 DUSIL ENSG00000169718
FBgn0283666 Rap2l RAP2B ENSG00000181467
FBgn0283531 [Duox DUOX2 ENSG00000140279
FBgn0033738 DUBAI [USP35 ENSG00000118369
FBgn0284251 1(2)05287 'WDR?75 ENSG00000115368
FBgn0035415 CG14966 C150rf40 ENSG00000169609
FBgn0261550 CG42668 OSBPLS ENSG00000091039
FBgn0051721 Trim9 TRIM9 ENSG00000100505
FBgn0026619 Taz TAFAZZIN ENSG00000102125
FBgn0033738 DUBAI USP38 ENSG00000170185
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FBgn0026160 tna ZMIZ2 ENSG00000122515
FBgn0283666 Rap2l RAP2C ENSG00000123728
FBgn0027841 CstF64 CSTF2T ENSG00000177613
FBgn0027841 CstF64 CSTF2 ENSG00000101811
FBgn0039663 CG2321 C2orf42 ENSG00000115998
FBgn0038474 mRpS11 MRPS11 ENSG00000181991
FBgn0001222 Hsf HSF1 ENSG00000185122
FBgn0038582 CG7988 SRRD ENSG00000100104
FBgn0016696 Pitslre CDK11B ENSG00000248333
FBgn0026401 Nipped-B INIPBL ENSG00000164190
FBgn0032428 CG6405 CIBAR1 ENSG00000188343
FBgn0032407 Pex19 PEX19 ENSG00000162735
FBgn0042693 wrd PPP2R5D ENSG00000112640
FBgn0262124 uex CNNM2 ENSG00000148842
FBgn0003390 shf WIF1 ENSG00000156076
FBgn0036366 IMJD7 IMID7 ENSG00000243789
FBgn0016696 Pitslre CDKI11A ENSG00000008128
FBgn0260462 CG12163 CTSF ENSG00000174080
FBgn0261550 CG42668 OSBPL5 ENSG00000021762
FBgn0032683 [kon CSPG4 ENSG00000173546
FBgn0035540 Syx17 STX17 ENSG00000136874
FBgn0031344 CG7420 SERGEF ENSG00000129158
FBgn0031730 CG7236 CDKLI ENSG00000100490
FBgn0043002 Chrac-14 POLE3 ENSG00000148229
FBgn0030400 Pits IRF2BPL ENSG00000119669
FBgn0031799 Pez PTPN21 ENSG00000070778
FBgn0265174 PIG-V PIGV ENSG00000060642
FBgn0038927 CG6015 CDC40 ENSG00000168438
FBgn0025808 Rad17 RAD17 ENSG00000152942
FBgn0051092 LpR2 LDLR ENSG00000130164
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FBgn0051092 LpR2 VLDLR ENSG00000147852
FBgn0036684 CG3764 FNIP1 ENSG00000217128
FBgn0036684 CG3764 FNIP2 ENSG00000052795
FBgn0083992 Mkp DUSP19 ENSG00000162999
FBgn0020224 Cbl CBL ENSG00000110395
FBgn0031799 Pez PTPN14 ENSG00000152104
FBgn0028372 isopeptidase-T-3 [UBACI1 ENSG00000130560
FBgn0034694 Plekhm1 PLEKHM1 ENSG00000225190
FBgn0033350 CGR237 FAMSAI1 ENSG00000137414
FBgn0025111 Ant2 SLC25A6 ENSG00000169100
FBgn0050105 CG30105 RNASEH2C ENSG00000172922
FBgn0035268 CG8001 DCAFSL2 ENSG00000189186
FBgn0035268 CG8001 DCAFS8L1 ENSG00000226372
FBgn0020762 Atet ABCG4 ENSG00000172350
FBgn0036853 mRpL21 MRPL21 ENSG00000197345
FBgn0051145 CG31145 FAM20C ENSG00000177706
FBgn0036893 PIG-F PIGF ENSG00000151665
FBgn0052446 Atox1 ATOX1 ENSG00000177556
FBgn0265726 Nnal AGBL2 ENSG00000165923
FBgn0011640 lark RBM4B ENSG00000173914
FBgn0003891 tud TDRD6 ENSG00000180113
FBgn0031484 CG3165 TREX?2 ENSG00000183479
FBgn0031484 CG3165 TREX1 ENSG00000213689
FBgn0040752 Prosap SHANK1 ENSG00000161681
FBgn0037773 CG5359 DYNLT2B ENSG00000213123
FBgn0083953 CG34117 FMC1 ENSG00000164898
FBgn0040871 CG12479 MICOS10 ENSG00000173436
FBgn0284408 trol HSPG2 ENSG00000142798
FBgn0003117 pnr GATA4 ENSG00000136574
FBgn0035179 CG12038 DIPKI1C ENSG00000187773
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FBgn0022959 ypS YBX2 ENSG00000006047
FBgn0037022 CG11396 TRAPPC12 ENSG00000171853
FBgn0032488 CG16812 C190rf47 ENSG00000160392
FBgn0262582 cic CIC ENSG00000079432
FBgn0034086 CG8441 PRKRIP1 ENSG00000128563
FBgn0031188 CG14613 FAM210A ENSG00000177150
FBgn0052392 Rsph3 RSPH3 ENSG00000130363
FBgn0260224 CG42498 LAGE3 ENSG00000196976
FBgn0002567 Rab32 RAB32 ENSG00000118508
FBgn0017581 Lk6 MKNK1 ENSG00000079277
FBgn0027073 Ugt49B1 (UGT2B11 ENSG00000213759
FBgn0027073 Ugt49B1 (UGT1A6 ENSG00000167165
FBgn0027073 Ugt49B1 (UGT2B10 ENSG00000109181
FBgn0051076 CG31076 LRMDA ENSG00000148655
FBgn0015524 otp OTP ENSG00000171540
FBgn0011766 E2f1 E2F1 ENSG00000101412
FBgn0004369 Ptp99A PTPRG ENSG00000144724
FBgn0035140 BORCS6 BORCS6 ENSG00000196544
FBgn0011766 E2f1 E2F2 ENSG00000007968
FBgn0011766 E2f1 E2F3 ENSG00000112242
FBgn0004882 orb CPEBI1 ENSG00000214575
FBgn0035443 CG12010 SPATASL1 ENSG00000171763
FBgn0010620 CG10939 SLCY9A3R1 ENSG00000109062
FBgn0040907 mRpL33 MRPL33 ENSG00000243147
FBgn0031191 Cpl10 CCP110 ENSG00000103540
FBgn0035249 CG17249 PRCC ENSG00000143294
FBgn0083981 RunxA RUNX3 ENSG00000020633
FBgn0265184 CG44249 RNPC3 ENSG00000185946
FBgn0023091 dimm BHLHA1S5 ENSG00000180535
FBgn0030947 CG6696 MEP1B ENSG00000141434
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FBgn0042630 Sox21b SOX21 ENSG00000125285
FBgn0035842 CG7504 SETX ENSG00000107290
FBgn0037944 CG6923 RNF111 ENSG00000157450
FBgn0022981 rpk [ASICS ENSG00000256394
FB2gn0029907 Atx-1 ATXN1 ENSG00000124788
FBgn0262527 nsl1 KANSLI ENSG00000120071
FBgn0037739 CG12948 Cl4orf119 ENSG00000179933
FBgn0001217 Hsc70-2 HSPA1A ENSG00000204389
FBgn0001217 [Hsc70-2 HSPA1B ENSG00000204388
FBgn0053208 [Mical MICAL3 ENSG00000243156
FBgn0031228 IND-15 INDUFS5 ENSG00000168653
FBgn0023489 Pph13 ALX3 ENSG00000156150
FBgn0037007 CGS5059 BNIP3L ENSG00000104765
FBgn0038043 CG17202 MYCBP ENSG00000214114
FBgn0032877 CG2617 RNF26 ENSG00000173456
FBgn0259219 CG42319 PDLIM?2 ENSG00000120913
FBgn0263980 Stacl STAC3 ENSG00000185482
FBgn0033961 ND-B15 NDUFB4 ENSG00000065518
FBgn0030893 RhoGAP16F ARHGAP27 ENSG00000159314
FBgn0051038 CG31038 FAMS9A ENSG00000182118
FBgn0010323 Gsc GSC ENSG00000133937
FBgn0024993 CG2662 SAMD13 ENSG00000203943
FBgn0030617 CG9095 SELE ENSG00000007908
FBgn0010622 DCTN3-p24 DCTN3 ENSG00000137100
FBgn0016641 PTP-ER PTPN7 ENSG00000143851
FBgn0052202 CG32202 TFPT ENSG00000105619
FBgn0264002 [MsR2 GPR139 ENSG00000180269
FBgn0030617 CG9095 SELL ENSG00000188404
FBgn0034420 CG10737 C2CD2 ENSG00000157617
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