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ABSTRACT OF THE DISSERTATION

Synaptic specificity determinants identification by converging transcriptome and connectome.

by

Juyoun Yoo
Doctor of Philosophy in Neuroscience
University of California, Los Angeles, 2023

Professor Stephen Lawrence Zipursky, Chair

Animal brains have as few as a couple hundred to as many as tens of billions of neurons.
Each neuron in the developing brain recognizes and makes synapses with appropriate partners
to build functional circuits. The principles of wiring have been studied in many scales, from cell-
fate specification, cell recognition, local signaling to neural activity. Cell surface molecules have
been shown to contribute to wiring in different stages and ways. However, the complexity of the
brain hindered a larger and detailed search for the molecular underpinnings of wiring, especially
synaptic specificity.

The three studies presented in this dissertation investigate molecular principles of wiring
by profiling gene expression programs of the whole visual system and by referencing synaptic
connectome as their final map of wiring choices. I'll describe in Chapter 1 an overview of
anatomical and genomic methods that are developed up to date and an introduction to the
drosophila motion detection circuit to contextualize it as a system where the two lineages of

methods can converge and be used for developmental studies.



Chapter 2 and 3 show the transcriptomic approach to profile gene expression programs
of individual cell types in the drosophila visual system and the transcriptomic architecture for
synaptic wiring. In Chapter 2, | will present how single-cell RNA sequencing of the motion detector
revealed the genetic architecture of the motion detector that reflects its wiring patterns. Eight
subtypes of motion detectors derived from the same progenitors were profiled during the wiring
period. They did not show cell-type specific genetic markers, instead revealed modular
architecture of gene expression programs that correlated with dendritic and axonal connections.

In Chapter 3, I'll present an expansion of genetic effort to build a transcriptional atlas that
describes developmental genetic programs of all the neurons in the fly visual system. We found
that (i) the gene expression programs that are common to all developing neurons which reflect
general developmental progress and (ii) the programs that are cell-type specific which endow cell-
type specific characteristics and connectivity. This atlas is by far the largest and the most detailed
developmental transcriptome that can be linked to the connectome.

In Chapter 4, by converging transcriptome and connectome, I'll show that the genetic
underpinnings of the brain wiring can be identified systematically. We show that transcriptionally
closely related neurons making alternative synaptic choices do so via pairs of immunoglobulin
superfamily molecules. This study paves a way for further studies in larger brains by showing
what can be achieved by combining developmental transcriptome and connectome. As the single-
cell transcriptome became a household method and the synapse level connectome is being
reconstructed for larger mammalian brains, it will elucidate common and unique molecular

principles by applying this framework.
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CHAPTER ONE
Decoding Brain Connectivity from the Genome



1.1.1 Complexity of the brain connectivity: EM connectome

Ramon y Cajal conducted a meticulous examination of the cellular structures in the
nervous system across various species of both vertebrate and invertebrate, which revealed a
remarkable diversity of the cells in the brain (Cajal, 1894, 1899; Cajal & Sanchez, 1915). Neuronal
shapes play a critical role in determining many of their physiological properties. For example,
beginning in the late 50s, the cable model accounting for diameters and length of dendritic
branches was devised to mathematically predict experimental results of physiological recordings
(Holmes & Rall, 1992; Rall, 1962). Also, the neurite branching patterns provide the opportunities
to make synapses with other neurons (lan A. Meinertzhagen et al., 2009). Complex synaptic input
and output patterns are the basis of intricate signal transmission for a neuron.

Over the years, the anatomical taxonomy of the Drosophila visual system has been
extensively studied using various techniques (Figure 1.1A). Stochastic neuronal staining with the
Golgi method was used, and more recently, genetic tools such as GAL4/LexA enhancer-trap
strains, combined with light microscopy have been employed (Brand & Perrimon, 1993; Fischbach
& Dittrich, 1989). Although Golgi staining based classification of neurons with morphological
features have identified many cell types, stochastic methods have limitations in the uncertainty of
representation since they may not represent all cell types due to incomplete labeling of neurons.
The use of genetic tools, such as fluorescent protein reporters or mosaic methods has advanced
our understanding on the diversity of cell types in the fly visual system (Lee & Luo, 1999; Nern et
al., 2015) (Figure 1.1B). However, to comprehend neuronal function at the system level it is
necessary to understand the complex synaptic connectivity between diverse neurons. Without
connectivity information, it is difficult to build computational models and determine targets for
physiological recordings (lan A. Meinertzhagen et al., 2009).

In contemporary neuroscience, the depiction of the anatomy, morphology and the

connectivity of the brain is best represented by the synapse-level connectome, which can be



obtained through electron microscopic (EM) three-dimensional reconstruction of the brain. Ultra-
thin (<40nm sections) electron micrographs are imaged sequentially, and stacked images are
segmented to reconstruct 3D volume of the sample (Figure 1.1C-E). EM connectome not only
reveals the intricate morphology of the neurons but also provides information on the precise
synaptic connections among diverse neuronal populations, thereby unveiling the circuitry of the
brain (Schneider-Mizell et al., 2023; Shinomiya et al., 2019; S. Takemura et al., 2013; S.-Y.
Takemura et al., 2015; Turner et al., 2020).

The compact size of the fly brain has been advantageous in the reconstruction of many
parts to date. In the visual system, EM reconstruction has been used to understand the
information pathway of the motion detection circuit, from the retina to downstream optic ganglia
then to the central brain. The first EM reconstruction of lamina in the early 90s demonstrated the
operational rule we can get from connectivity patterns of lamina neurons (l. A. Meinertzhagen &
O’Neil, 1991). The Fly EM project from Janelia expanded this effort to medulla (S. Takemura et
al., 2013, 2017), and lobula plate (Shinomiya et al., 2022) to provide a near complete synaptic
connection map between neurons in the motion detection pathway.

Methods and technologies to generate EM sections, imaging and computational alignment
and segmentation are evolving. Also, its utilization has been expanding to the mammalian brain
such as mouse, primate, and human, which are much larger in size and thus contain many more
cells and connections between them. Precise reconstruction of the connectivity is revealing
connectivity pattern differences across species (Loomba et al., 2022; Schneider-Mizell et al.,

2023).



Figure 1.1. The Drosophila visual system and EM reconstruction.

(A) Schematic of fly optic lobe structure (Adapted from Takemura et al., 2015). (B) Comparison
of Golgi impregnation of T4/T5 neurons (left). Comparison of EM reconstruction, Golgi
impregnation, and genetic single-cell (GSC)-labeled neuron (right). Scale bar, 10um. (Adapted
from Fischbach & Dittrich, 1989 and Nern et al., 2015). (C) A representative serial section electron
micrograph. T-bar ribbon (red arrow), postsynaptic densities (PSDs) (blue arrowheads). A non-
synaptic process (green circle) lacks PSD. scale bar, 250 nm. (D) Neurites reconstructed by
linking segmented profiles in consecutive sections. (E) 3D-reconstruction of modular medulla cell
types in each of seven reconstructed columns. (Adapted from Takemura et al. 2013; 2015).



1.1.2. Complexity of the brain molecular diversity: High-throughput transcriptomic

analysis using single-cell RNA sequencing

Gene expression profiling by enrichment for specific cell types through fluorescence-
activated cell sorting (FACS) or microdissection have elucidated changes in gene expression
across different cell populations. However, in the developing nervous system, gene expression
changes are rapid and dynamic so that it requires longitudinal sampling of a cell population. Some
cell types lack genetic access for their enrichment, or if such access exists, often they have
temporal limitations. As a result, obtaining longitudinal profiles for each cell type can be a
challenging task.

Single-cell RNA sequencing (scRNA-seq) technology emerged in the mid-2010s when |
began my thesis project and it revolutionized gene expression analysis without prior cell-type
enrichment. Droplet-based method using a microfluidic device captures individual cells in oil
droplets along with gel-beads that are covered with unique molecular cell barcodes and unique
molecular identifiers (UMI). Each mRNA molecule from a single cell shares the same cell barcode
and is marked by a different UMI (Macosko et al., 2015; Zheng et al., 2017) (Figure 1.2A). After
reverse transcription of the droplet, the resulting cDNA library, which includes unique cell barcode
and UMI, is sequenced. Bioinformatic tools then count the number of UMI per gene within each
cell barcode, allowing assessment of the gene expression level in each cell. Bioinformatic
methods are rapidly improving in parallel to analyze transcriptomic profiles (Butler et al., 2018;
Hao et al., 2021; Satija et al., 2015)(Figure 1.2B). For example, unsupervised clustering methods
can reveal subpopulations within a cell type that was previously considered homogeneous.
scRNA-seq is now widely used, including our work, to analyze cell types across many species
and different types of tissues, including the brain (Davie et al., 2018; Kurmangaliyev et al., 2020;

Ozel et al., 2020; Tasic et al., 2018; Yao et al., 2021). .



The high-throughput single-cell transcriptome approach gives unprecedented opportunity
to reveal molecular diversity of cell types in the developing nervous system. In Chapters 3 and 4,
I'll present how we adapted scRNA-seq to analyze developmental transcriptional programs and

transcriptional signatures related to wiring specificity in the Drosophila visual system.
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Figure 1.2. High-throughput transcriptomic analysis using single-cell RNA sequencing.
(A) Schematics of droplet based single-cell RNA sequencing (http://10XGenomics.com). (B) In
silico reconstruction of thousands of single-cell transcriptomes to generate a digital expression
matrix. Dimension reduction methods to cluster cells with similar profiles. (Adapted from Macosko
et al. 2015).



1.2. Principles of wiring specificity during brain development.

Diversity and complexity of neurons, as well as their synaptic specificity within dense
spatial environments are achieved by continuous interactions among developing neurons.
Individual brains build stereotypic circuits during development, ensuring reliable functions of adult
animals. How do neurons find their right synaptic partners? Over the last couple of decades,
significant progress has been made in advancing our understanding of the principles of neural

circuit wiring.

1.2.1. Cell adhesion molecules

Sperry proposed the chemoaffinity theory, which suggests that cells and fibers in the brain
carry cytochemical “individual identification tags,” enabling them to be distinguished to the level
of a single neuron (Sperry, 1963). Biochemical and genetic studies have since identified such cell
recognition molecules with heterophilic or homophilic binding affinities that can lead to adhesive
or repulsive interactions between contacting neurons for proper wiring in multiple steps during
circuit formation. (Sanes & Zipursky, 2020).

Immunoglobulin superfamily (IgSF) proteins encompasses hundreds of cell surface
proteins including subfamilies of DIPs/Dprs, Beats/Sides, Sidekicks, Dscams, Syg1/Syg2-related
proteins and Contactins (Figure 1.3A). In vitro screening showed that 2-Ilg domain protein Dprs
and 3-Ig domain protein DIP form a network of interactions. With varying binding affinities among
the interactors, most Dprs interact with multiple DIPs and vice versa (Carrillo et al., 2015; Ozkan
et al., 2013) (Figure 1.3B).

Bulk RNA-seq of FACS purified cell types in developing Drosophila medulla (R7, R8, and
L1-L5 neurons at 40h After Pupal Formation (APF)) showed cell-type specific, unique combination
of gene expression patterns of DIPs and Dprs. DIP expression in medulla neurons occupying the
same layers as lamina neurons was assessed using DIP-GAL4 and UAS reporter, which showed

a correlation between high-affinity interactors of DIPs and Dprs expression in the synaptic



partners (Carrillo et al., 2015; Tan et al., 2015) (Figure 1.3B). The DIP-alpha and dpr6/10 binding
pairs are shown to have a role in the medulla layer M3 neurons, Dm4 and Dm12. Loss-of-function
alleles and affinity mutant alleles of DIP-alpha and dpr6/10 disrupt or change heterophilic
interaction, resulting in defects in many wiring features such as arborization within layers, synapse
number, layer specificity, cell survival. These results suggest that specific interaction of DIP/dpr
families plays a role in wiring (Xu et al., 2018, 2022).

The Beat and Side subfamily include 14 Beats and 8 Side members. Albeit partial, their
interaction network has been screened in vitro (Li et al., 2017; Ozkan et al., 2013) (Figure 1.3C).
Founding members of these families (Side and Beat-la) were identified in genetic screens as
regulators of motor axon guidance in the Drosophila embryo (Fambrough & Goodman, 1996;
Siebert et al., 2009; Sink et al., 2001). Functions for other paralogs have not been described. As
each neuron type in the developing visual system expresses a unique combination of Beats and
Sides proteins during development these proteins may contribute to patterning the connectome

more broadly.
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and homophilic interaction network. Lines are color coded according to the affinity of the binding
pairs. Adapted from Cosmanescu et al, 2018 (C) Side-Beat interaction network (Li et al. 2017)
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1.2.2. Spatio-temporal regulation of gene expression
Temporal change in the expression patterns of cell adhesion molecules is required to

understand the cell surface environment dynamics of the developing brain. Drosophila brain
development takes approximately 100 hours during pupal metamorphosis stage in 25 °C (Figure
1.4A). Neurogenesis phase ends before or around 24h APF, axon guidance and neurite targeting
occurs during earlier pupal development (~48h APF). After most postmitotic neuronal axons and
dendrites reach their target, cell-type specific calcium activity recordings using GAL4/LexA drivers
and GCaMP with 2-photon microscopy showed that the same cell types tend to show
synchronized activity in the early PSINA phase in pupa. The activity pattern changes to an
unsynchronized, turbulent phase after ~70h APF. (Akin et al., 2019) (Figure 1.4B).

Silencing PSINA resulted in an increased number of presynaptic sites in multiple cell types,
showing activity-dependent synapse formation and suggesting the role of activity in circuit
development (Bajar et al.,, 2022). It is not clear yet whether and how the emergence of
spontaneous activity and activity pattern changes are related to gene expression changes of
neuronal intrinsic property related proteins, such as voltage gated calcium channels, potassium
channels.

To capture gene expression changes related to all these developmental events,
longitudinal sampling in relevant temporal resolution is necessary. Chapter 4 will delve further into
pan-neuronal gene expression and cell-type specific gene expression programs. These studies
provide a deeper understanding of the intricate mechanisms that govern Drosophila brain wiring,

offering insights into the broader field of neural development.
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Figure 1.4. Development of Drosophila visual system

(A) Drosophila brain develops during about 100 hours of pupal stage (B) Average intensity
projection (AIP) from wide-field fluorescence series of a pupa expressing pan-neuronal GCaMP6s.
CB, central brain; La, lamina; Re, retina; LoC, lobula complex; Me, medulla. Scale bar, 200 pym.
(C) Representative trace of PSINA, recorded with wide-field fluorescence imaging from a pupa
expressing pan-neuronal GCaMP6s. Dotted lines mark limits of inset traces (right) from periodic
(top) and turbulent (bottom) stages. Highlights (magenta) mark individual sweeps; bars mark
active (cyan) and silent (orange) phases (right) (B-C, Adapted from Bajar et al. 2021).
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1.3. Drosophila motion detection pathway

1.3.1. Organization of the Drosophila motion detection pathway

The visual system plays a crucial role in the sensory experience of flies, with half of the
brain by volume dedicated to process visual information. Visual navigation, a key aspect of fly
behavior, relies on motion computation, which is carried out in a compact nervous system of the
optic lobe (Figure 1.5A). The drosophila motion detection system has long been a model system
for studying the principles of motion sensing and neuronal computation (Borst, 2014). Different
cell types that contribute to the motion detection of the drosophila have been identified along the
visual pathway. The functional contribution of each cell type has been tested using opto-motor
behavioral measurements, and manipulation of each cell type transmission using genetic tools
such as UAS-shibire (Tuthill et al., 2013). The T4/T5 subtypes preferentially respond to one of
four cardinal directions of visual stimuli (Maisak et al., 2013). The physiological principles of
motion detection of T4/T5 neurons have been shown to reflect classical computational models
initially proposed in cat and rabbit visual system in the last century (Barlow & Levick, 1965;
Groschner et al., 2022; Gruntman et al., 2019; Reichardt et al., 2003; Strother et al., 2017). Motion
detector T4/T5 receives spatially and temporally offset inputs, they compute motion through non-

linear integration of the signals.

1.3.2. Motion-detector T4/T5

Motion-detector T4/T5 are the first motion-sensitive neurons in the fly visual pathway.
There are eight morphological subtypes which are functionally distinct (Borst et al., 2019). T4
neurons receive input from medulla and respond to increment of light stimuli (ON) and T5 neurons
receive input from lobula and respond to decrement (OFF) of light. T4 and T5 are each divided

into four subtypes depending on their axon terminal target layers in the lobula plate (a-d). Each
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lobula plate layer corresponds to one of four cardinal directions of stimuli T4/T5 preferentially
respond to (a: front-to-back, b: back-to-front, c: upward, d: downward) (Maisak et al., 2013).

T4/T5 neurons originate from a common progenitor pool in the inner proliferation center
(IPC). Two molecularly distinct regions in the IPC give rise to T4/T5 a/b types (Brk+) and c/d types
(Dppt). These progenitors undergo two sequential Notch dependent divisions. The first division
distinguishes a from b, and c from d, and then the subsequent division specifies each a-d types
into T4 vs T5. Therefore, each progenitor generates two T4 and two T5 neurons with opposite
direction selectivity that innervates a single retinotopic column. Thus, the lineage history of T4/T5
are related to their final identity and morphological types (Apitz & Salecker, 2015; Pinto-Teixeira
et al., 2018).

During the neurogenesis wave in larval to early pupal stage, post-mitotic T4/T5 neurons
begin initial neurite targeting, with dendrites reaching either medulla (T4) or lobula (T5). The axon
terminals initially target a thin layer of proto lobula plate, which lacks clear laminar structure. After
the neurogenesis window toward the mid-pupal stage, axon terminals form two thick proto-layers,
one for the horizontal system (T4/T5ab) and the other for the vertical system (T4/T5cd). From 48h
APF to 65h PAF, each proto-layer further separates into two and eventually becomes four discrete

layers (Figure 1.5B).
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Figure 1.5. Organization of the Drosophila Motion detection system

(A) Schematic of the optic lobe neuropils. ON pathway neurons and motion detector T4/T5 are
represented. (Adapted from Fischbach & Dittrich, 1989) (B) Sequential lamination of T4/T5 axons
and four LoP layers. 23G12-Gal4 drives membrane localized RFP (grey) and nuclear localized
GFP (green) in all T4/T5 neurons throughout pupal development (Adapted from Kurmangaliyev,
Yoo, LoCascio & Zipursky. 2019) (C) T4 dendrite receive subcellular domain specific inputs (left)
Postsynaptic receptors localizes to subcellular domain of the T4 dendrite: GABA receptor Rdl in
proximal (orange), Glutamate receptor GluCla in distal dendrite (purple). Genetic tool that allows
cell type specific conditional induction of epitope tag inserted in the endogenous locus of each
receptor subunit was used. (Sanfilippo et al. 2023)
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1.3.3 Synaptic specificity underlying motion detection: mechanisms of motion detection

The connectome offers a possible molecular explanation for the mechanism of motion
detecting computation in the dendrite by showing connectivity distribution of cell type specific
inputs onto the dendrite. The proximal region of T4 dendrite receives GABAergic inputs (Mi4,
CT1), the middle region receives cholinergic excitatory inputs (Mi1, Tm3), and the distal part
receives inhibitory glutamatergic input (Mi9), which supports the proposed models of non-linear
dendritic computations (Strother et al., 2017; S. Takemura et al., 2013, 2017). Furthermore, the
synaptic specificity identified in the connectome is corroborated by postsynaptic neurotransmitter
localization. Receptor localization assays show Rdl localizes to the proximal T4 dendrite, where
Mi4 and CT1 neurons make synapses, while GluCla localizes to the tip of the dendrite where Mi9
neurons make synapses (Sanfilippo et al. 2023, unpublished). (Figure 1.5C) The biophysical
implementation of T4 dendrite computation has been investigated by modeling based on the
connectivity of presynaptic neurons on to T4 dendrites, and by silencing or activating the
presynaptic partners (Groschner et al., 2022; Strother et al., 2017). Thus, the connectome
provides detailed analysis of synaptic connectivity information from EM data and offers insight
into the function of neural circuits.

The relationship between presynaptic inputs and T4/T5 neurons has been extensively
studied in both connectome and functional studies. The T4/T5 axon terminals connectome in the
lobula plate demonstrates the convergence of two streams of information at the synapse level.
T4 and T5 neurons targeting the same lobula plate layer share the same postsynaptic partners,
thereby integrating the ON and OFF information conveyed by two separate sets of signal relays
represented by T4 and T5, respectively. As a result, the information converges on the same

downstream pathways that encode directional preference (Shinomiya et al., 2022).
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1.3.4. From transcriptome to connectome: How is the brain wiring encoded in the

genome?

With advancement of single-cell technologies, it is now possible to access gene
expression profiles of individual neuronal types during development. While synapse-level
connectivity map provides the final goal that the developing nervous system has to achieve, it
remains a challenge to deduce this final connectivity from mRNA expression patterns alone.
Reverse engineering the final connectivity requires accounting for many developmental decisions
that a single postmitotic neuron makes during development, such as projecting axons and
dendrites to the right target, selecting appropriate synaptic partners from a large pool of physical
contacts. Thus, the developmental transcriptome not only reflects the final connectivity map, but
also the myriad of intracellular and intercellular activities that neurons undergo. The goal of this
dissertation is to elucidate the molecular complexity of neurons during development and to identify
synaptic specificity rules from gene expression patterns and connectome. In Chapter 4, I'll present
a framework we devised to integrate transcriptome and connectome, in order to gain insight into

the molecular underpinning of synaptic choice.
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CHAPTER TWO

Modular transcriptional programs separately define axon and dendrite connectivity.
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2.1. Abstract

Patterns of synaptic connectivity are remarkably precise and complex. Single-cell RNA
sequencing has revealed a vast transcriptional diversity of neurons. Nevertheless, a clear logic
underlying the transcriptional control of neuronal connectivity has yet to emerge. Here, we
focused on Drosophila T4/T5 neurons, a class of closely related neuronal subtypes with different
wiring patterns. Eight subtypes of T4/T5 neurons are defined by combinations of two patterns of
dendritic inputs and four patterns of axonal outputs. Single-cell profiling during development
revealed distinct transcriptional programs defining each dendrite and axon wiring pattern. These
programs were defined by the expression of a few transcription factors and different combinations
of cell surface proteins. Gain and loss of function studies provide evidence for independent control
of different wiring features. We propose that modular transcriptional programs for distinct wiring
features are assembled in different combinations to generate diverse patterns of neuronal

connectivity.

2.2. Introduction

Brain function relies on precise patterns of synaptic connections between neurons. At the
cellular level, this entails each neuron adopting a specific wiring pattern, the combination of
specific synaptic inputs and outputs. In invertebrates, stereotypical wiring patterns are genetically
encoded in the programs regulating the development of neurons. Much of the specificity of inputs
and outputs of neurons in the mammalian CNS is also genetically determined (Sanes & Zipursky,
2020).

Vast numbers of neurites from a diversity of neurons are intermingled within the

developing central nervous system, and they form highly specific synaptic connections with a

discrete subset of the neurons they contact. Studies in both vertebrates and invertebrates have
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led to the identification of cell surface proteins (CSPs) that mediate selective association between
neurites (Allan & Thor, 2015; Enriquez et al., 2015; Hobert, 2016). Gain and loss of function
genetic studies have shown that combinations of different CSP families regulate this specificity
(Zarin et al., 2014). Indeed, neuronal subtypes express highly diverse repertoires of CSPs during
circuit assembly (Hanging Li et al.,, 2017; Sarin et al., 2018; Tan et al., 2015). Conserved
regulatory strategies involving combinations of transcription factors (TFs) establish unique
neuronal identities (Allan & Thor, 2015; Enriquez et al., 2015; Hobert, 2016). However, the
programs regulating expression of CSPs for specific neuronal wiring features are still poorly
understood.

Single-cell RNA sequencing (RNA-Seq) provides an unsupervised approach to uncover
the genetic programs underlying specific wiring features by exploring subtype-specific
transcriptomes during development. As neuronal subtypes exhibit differences in characteristics
other than wiring patterns, the relationship between genes and wiring specificity may be obscured
by genes contributing to other aspects of neuronal diversity. Therefore, sets of closely related
neurons with highly specific differences in wiring patterns are ideally suited to uncover the genetic
programs specific to wiring. Here, we explore the genetic logic underlying synaptic specificity in
one such set of neurons: T4/T5 neurons of the Drosophila visual motion detection pathway. We
envision that our findings in this system will provide insights into the genetic logic of wiring
specificity more broadly in both vertebrate and invertebrate systems.

T4/T5 neurons share a common developmental origin, physiological function, and general
morphology, but differ in their precise wiring patterns and preferred stimulus (Apitz & Salecker,
2018; Fischbach & Dittrich, 1989; Maisak et al., 2013; Pinto-Teixeira et al., 2018; Shinomiya et
al., 2019). There are eight morphological subtypes of T4/T5 neurons in each column of the lobula

plate (LoP) neuropil (see below), comprising the most abundant cell type in the fly visual system.
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These subtypes can be classified into two quartets of subtypes based on dendritic inputs: the four
T4 subtypes share a common set of dendritic inputs in the medulla, and the four T5 subtypes
share a different set of dendritic inputs in the lobula (Figure 2.1A-C). T4 neurons respond to ON
stimuli (i.e. bright edges moving against a dark background) and T5 to OFF stimuli (i.e. dark edges
moving across a bright background). T4/T5 neurons can also be classified into four pairs of
subtypes (a-d) based on the location of their axon terminals within a given column in layers a-d
of the LoP. Each pair responds selectively to visual motion in one of four cardinal directions:
posterior, anterior, upwards, and downwards, respectively (Figure 2.1A-C). Although
transcriptional profiling of the adult Drosophila brain revealed a common transcriptional signature
for all T4/T5 neurons, genetic programs for individual subtypes have not been identified (Davie et
al., 2018; Konstantinides et al., 2018). We hypothesized that identification of gene expression
programs for individual T4/T5 subtypes during circuit assembly would provide insight into the
genetic programs regulating discrete wiring features.

Here, we report that independent transcriptional programs define the dendritic inputs and
axonal outputs of T4/T5 neurons. We present gain and loss of function studies indicating that
these programs control their corresponding morphological features. Our findings suggest that the
modular assembly of separate dendritic and axonal transcriptional programs contributes to the

diversity of wiring patterns in complex nervous systems.
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2.3. Materials and methods

Animal husbandry

Flies (Drosophila melanogaster) were reared at 25°C on standard medium. For developmental
analysis by immunohistochemistry, sorting, and sequencing, white pre-pupae (0 hr APF) were

collected and incubated for an indicated number of hours.

Fly stocks

Multiple transgene genotypes are enclosed in brackets. The following transgenic lines were
used in this study: MCFO-1 {pBPhsFLP2::PEST;+; UAS-FSF-smGdP::HA V5 FLAG} (gift from
Aljoscha Nern and Gerald Rubin), 10XUAS-IVS-myr::tdTomato (Bloomington Drosophila Stock
Center (BDSC#32222)), 23G12-Gal4 (BDSC #49044), {R59E08-p65ADZp (attP40); R42F06-
ZpGdbd (attP2)}(JRC_SS00324, Aljoscha Nern and Gerald Rubin), UAS-H2A::GFP (Barret
Pfeiffer and Gerald Rubin),UAS-CD4-tdGFP (BDSC #35839), 23G12-LexA (BDSC #65044),
LexAop-myr::tdTomato (Zipursky laboratory), 10XUAS-myr::GFP (Zipursky laboratory),
10XUAS-IVS-mCD8::RFP (BDSC #32219), Mi{PT-GFSTF.1}klg[MI02135-GFSTF.1] (BDSC
#59787), Mi{PT-GFSTF.1}beat-IV[MI05715-GFSTF.1] (BDSC#66506), dpr2-Gal4 (Zipursky
laboratory), P{w[+mW.hs]=GawB}grn[05930-GAL4] (BDSC #42224), Mi{y[+mDint2]=MIC}beat-
VI[MI13252] (BDSC #58680), P{y[+t7.7] v[+t1.8]=TRiP.HMS01085}attP2 (UAS-grn-RNAi) BDSC
#33746), UAS-grn.ORF.3xHA (FIlyORF #F001916), 42F06-Gal4 (BDSC #41253), UAS-p35
(BDSC #5072).

For visualization of T4a clone, virgin females {pBPhsFIp2::PEST; 10XUAS-IVS-
myr::tdTomato;UAS-FSF-smGdP::HA V5 FLAG/CyO::TM6B} were crossed to males with the

T4/T5-specific Split-Gal4 driver {R59E08-p65ADZp (attP40); R42F06-ZpGdbd (attP2)}
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(JRC_SS00324). White pre-pupae were heat shocked at 37 ‘C for 3 min. For FACS sorting of
GFP+ T4/T5 neurons, 23G12-Gal4 was used to drive UAS-H2A::GFP. For T4/T5 developmental
time course, 23G12-Gal4 was used to driveUAS-H2A::GFP and 10XUAS-IVS-mCD8:RFP. For
visualization of all T4/T5 neurons with subtype-specific markers, female virgins of the
genotypes: {23G12-LexA; LexAop-myr::tdTomato; 10XUAS-myr::GFP/CyO::TM6B} or {w;
10xUAS-IVS-mCD8::RFP; 23G12-Gal4} were crossed to males with MiMICs or their derivatives
for kig, beat-1V, dpr2, beat-VI, or to w[1] males for Fas2 immunolabeling. For visualization of
grn-expressing neurons, grn-Gal4 was used to drive 10XUAS-myr::GFP. For grn phenotypes,
virgin females {w[1];UAS-CD4-tdGFP;23G12-Gal4} were crossed to males with UAS-grn-RNAI
or UAS-grn.ORF.3xHA transgenes. For p35 rescue experiments, virgin females with 23G12-
Gal4,UAS-CD4-tdGFP and with or without UAS-grn.ORF.3xHA were crossed to males with
42F06-Gal4,and with or without UAS-p35 transgene, as indicated. All RNAIi and overexpression

crosses were raised at 29 C.

Immunohistochemistry/Immunofluorescence

Brains were dissected in ice-cold Schneider’s Drosophila Medium (Gibco #21720—-024), and fixed
in PBS (Bioland Scientific LLC #PBS01-03) containing 4% paraformaldehyde (Electron
Microscopy Sciences, Cat#15710) for 25 min at room temperature (RT). Brains were rinsed
repeatedly with PBST (PBS containing 0.5% Triton-X100 (Sigma #T79284)), and incubated in
blocking solution (PBST containing 10% Normal Goat Serum (Sigma #G6767)) for at least 1 hr at
RT prior to incubation with antibody. Brains were incubated sequentially with primary and
secondary antibodies diluted in blocking solution overnight at 4C, with at least 2 PBST rinses
followed by 2 hr incubations at RT in between and afterwards. Brains were transferred to 50%

(for 30 min), then 100% EverBrite mounting medium (Biotium #23001) and mounted on slides for
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confocal microscopy. Primary antibodies and dilutions used in this study were as follows: chicken
anti-GFP (abcam #13970, 1:1000), rabbit anti-dsRed (Clontech #632496, 1:200), mouse anti-Brp
(nc82 from Developmental Studies Hybridoma Bank (DSHB), 1:30), mouse anti-Fasciclin Il (1D4
from DSHB, 1:20), mouse anti-V5 (abcam #ab27671, 1:300), rabbit anti-Dcp-1 (Cell Signaling
Technology #9578, 1:50). Secondary antibodies and dilutions used in this study were as follows:
goat anti-chicken Alexa Fluor 488 (AF488) (Invitrogen #A11039, 1:200), goat anti-mouse AF488
(Invitrogen #A11029, 1:500), goat antirabbit AF568 (Invitrogen #A11011, 1:200), goat anti-rat 568
(Invitrogen #A11077, 1:500), goat antirabbit AF647 (Invitrogen #A27040, 1:200), and donkey anti-

mouse Cy5 (Jackson ImmunoResearch #715-175-150, 1:200).
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Confocal microscopy and image analysis

Immunofluorescence images were acquired using a Zeiss LSM 880 confocal microscope with Zen
digital imaging software. Optical sections or maximum intensity projections were level-adjusted,
cropped, and exported for presentation using Image J software (Fiji). Reported expression
patterns were reproducible across three or more biological samples. For cell number
quantifications, optic lobes were mounted with ventral side facing objective (as in Figure 2.1), and
a single optical section per lobe was acquired at 3/8 total depth in z-dimension through M10. For
quantification of apoptosis, optic lobes were mounted with posterior side facing objective, and a
superficial optical section with approximately 300 T4/T5 cell bodies was acquired per lobe. The
section depth was determined with Dcp-1 immunofluorescence channel turned off. Files were
randomized, and cell numbers and proportion of apoptotic cells were quantified blind to condition

using Fiji.

Single-cell transcriptome profiling

Purification of genetically labeled T4/T5 neurons Males with 23G12-Gal4 driver were crossed
to virgin females with UAS-H2A::GFP reporter. F1-generation female white pre-pupae were
collected at 0 hr APF and reared at 25°C. Optic lobes were dissected out at 24 hr and 48 hr APF
from 27 and 18 pupae, respectively. Brain tissue was incubated in papain (Worthington
#LK003178) and Liberase protease (Sigma-Aldrich #5401119001) cocktail at 25°C for 15 min.
Next, tissue was gently washed twice with 1X PBS and dissociated mechanically by pipetting.
Cell suspension was filtered through 20mm cell-strainer (Corning #352235). Single-cell
suspension was FACS sorted (BD FACSAria Il) to isolate GFP-positive cells. Single-cell library
preparation and sequencing FACS-sorted single-cells were captured from a cell suspension using

the 10X Chromium platform(~6500-7000 cells loaded). Single-cell RNA-Seq libraries were
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generated using Chromium Single Cell Reagent Kit V2 according to the manufacturer’s protocol,
with 12 cycles of PCR for cDNA amplification. RNA-Seq libraries were sequenced using lllumina
Hiseq 4000 platform (paired-end 100 bp reads). Each sample was captured and sequenced using

one lane of 10X Chromium and one lane of HiSeq 4000.

Raw data processing

Raw lllumina base call files (*.bcl files) were converted into fastq files using bcl2fastq (-use-
basesmask=Y26 n*,I18n*,Y100n*). Fastq files were processed using Cell Ranger (2.2.0) pipeline
with default parameters. Reference transcriptome package for Cell Ranger was generated using
Drosophila melanogaster genome sequence and gene annotations from FlyBase (release 6.22).
Both samples were sequenced at mean depth of 92,000 reads per cell (92% saturation). Average
fractions of reads uniquely (confidently) mapped to genome and transcriptome were 93% and

83%, respectively.

Single-cell data analysis
All steps of single-cell data analysis were performed using functions and methods implemented
in Seurat package (2.3.4) (Butler et al., 2018). Analysis for 24 hr and 48 hr datasets were

performed separately.

Quality control and data pre-processing For 24 hr dataset, we recovered 3833 cells (median
of 1447 genes and 3353 transcripts per cell). For 48hr dataset, we recovered 3894 cells (median
of 1633 genes and 4389 transcripts per cell). Initial set of cells was pre-filtered based on total
number of detected genes (min. 1000; max. 2000), and percentage of mitochondrial transcripts

(max. 5%). After pre-filtering, 3312 and 3620 cells remained for 24hr and 48hr datasets,
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respectively. Raw transcript counts were log-normalized using NormalizeData function. Next, we
regressed out total number of transcripts per cell (nUMI) and scaled expression values to Z-scores

using ScaleData function.

Preliminary dimensionality reduction and detection of outlier cells Sets of highly variable
genes were selected using FindVariableGenes function (x.low.cutoff: 0.1, x. high.cutoff: 5, y.cutoff:
0.5). Highly variable genes were used to perform independent component analysis (ICA) using
RunICA function. Independent components (ICs) were manually inspected to identify and flag
outlier cells. In total, 241 and 60 cells were flagged as outliers in 24 hr and 48 hr datasets,
respectively. Outlier cells were removed from subsequent steps of the analysis. After quality

control and filtering, final datasets included 3071 cells for 24 hr, and 3557 cells for 48 hr datasets.

Dimensionality reduction and clustering (48hr APF) e repeated selection of highly variable
genes on final datasets using the same parameters (2290 genes), and used them to perform ICA.
Inspection of results of ICA revealed that the three ICs separated cells into two discrete
populations of approximate halves. Final clustering was performed based on these 3 ICs using
the graph-based clustering approach implemented in FindClusters function with default
parameters. In addition to ICA, we performed principal component analysis (PCA) using the same
set of highly variable genes. Comparison of ICA and PCA results revealed robustness of clusters
identified by both methods (Figure 2.1—Figure 2.S1). t-distributed stochastic neighbor embedding
(tSNE) was used to visualize cellular heterogeneity based on ICA and PCA results using
RunTSNE function (perplexity: 100). Clusters were validated and matched to eight morphological

T4/T5 subtypes using in vivo expression patterns of marker genes (Figure 2.3).
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Dimensionality reduction and clustering (24hr APF) Similar to 48hr dataset, we selected
highly variable genes (2198 genes), and used them to perform ICA. We selected three ICs that
were driven by similar sets of genes as ICs used for clustering of 48hr dataset. Selected ICs were
used to perform clustering and tSNE using same parameters as 48hr dataset. Cluster identities
were matched with T4/T5 subtypes using expression patterns of the same sets of marker genes
(Figure 2.S4). In comparison to 48hr dataset, differences between subtypes at 24hr were less
pronounced. This may reflect a lower degree of transcriptional divergence among distinct

subtypes at earlier stages of development.

Differential gene expression analysis Differentially expressed genes (DEGs) were identified
using Wilcoxon rank-sum test implemented in FindMarkers function (min.pct: 0.25, min.diff.pct:
0.25; fold-change: 1.5). We performed this analysis for each cluster against all other cells in
dataset (‘one versus all’, Figure 2.1), and between pairs of individual clusters (‘one versus one’,

Figure 2.4 and Figure 2.S3.
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2.4. Results

2.4.1. Single-cell RNA-Seq reveals eight transcriptionally distinct populations of T4/T5

cells.

As a step towards uncovering genetic programs that control neuronal wiring patterns, we
performed single-cell RNA-Seq on developing T4/T5 neurons. Sequencing was performed at 48hr
after puparium formation (APF). This developmental time point precedes a period of widespread
synaptogenesis in the visual system, and coincides with the appearance of four discrete synaptic
layers (a, b, ¢, d) in the LoP neuropil. Neurons were purified from dissected optic lobes by FACS
using a transgenic line with nuclear GFP selectively expressed in all T4/T5 neurons (Figure 2.1D).
RNA-Seq libraries were generated using 10X Chromium technology (Zheng et al., 2017) and
sequenced to a mean depth of 92,000 reads per cell. In total, we profiled 3894 cells with a median
of 1633 genes and 4389 transcripts captured per cell. After quality control and removal of outlier
cells, our final dataset consisted of 3557 cells with 1000—-2000 genes per cell.

We applied independent component analysis (ICA) followed by a graph-based clustering
method to separate transcriptionally distinct cell populations (Butler et al., 2018; Saunders et al.,
2018). Unsupervised analysis revealed eight clusters of approximately equal numbers of cells
(Figure 2.1E and Figure 2.S1), suggesting that each cluster corresponded to a single T4/T5
subtype.

To identify genes preferentially expressed in T4/T5 subtypes, we performed differential
gene expression analysis between each of the eight individual clusters and all other cells in the
dataset (i.e. ‘one versus all,” see Materials and methods). This revealed 69 genes which were
strongly expressed in some clusters and not in others. Cluster-enriched genes, however, were
not specific to single clusters. By contrast, for instance, each of the five subtypes of lamina

neurons is defined by at least one subtype-type specific transcription factor (Tan et al., 2015).
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Thus, while T4/T5 subtypes separated into eight transcriptionally distinct clusters, they were not

defined by unique molecular markers (Figure 2.1F).
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Figure 2.1. Single-cell sequencing reveals eight transcriptionally distinct populations of
T4/T5 neurons. (A) Common morphology of a T4/T5 neuron, with axon and dendrite wiring
pattern variations in parentheses. (B) Arrangement of the eight T4/T5 subtypes in the optic lobe.
Each subtype is defined by a combination of one dendrite (M10 or Lo1) and one axon (LoP a, b,
¢, or d) wiring pattern. (C) A single T4a neuron (green) with dendrites in M10 (asterisk) and axon
terminal in LoP layer a (arrowhead). All T4/T5 neurons labeled in magenta. Scale bar, 20 mm.
(D—F) Single-cell sequencing of T4/T5 neurons at 48 hr APF. Unsupervised analysis revealed
eight distinct transcriptional clusters. (D) T4/T5 neurons were labeled with nuclear GFP, purified
by FACS and used for single-cell RNA-Seq. (E) t-distributed stochastic neighbor embedding
(tSNE) plot of 3557 single-cell transcriptomes. Clusters are color-coded according to subtype
identity based on following results. Cell numbers are displayed for each cluster. See also Figure
2.81. (F) Heatmap of expression patterns of cluster-enriched genes (‘one versus all’, see
Materials and methods). Cells (rows) grouped by cluster identities as in (E). Genes (columns) are
ordered by similarity of their expression patterns. Scaled expression levels are indicated, as in
scale.
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2.4.2. Eight T4/T5 transcriptional clusters are separated by three primary axes of

transcriptional diversity.

The absence of unique markers for individual subtypes suggested that they were instead
defined by unique combinations of genes. ICA has been shown to capture groups of genes
corresponding to discrete biological phenomena (Saunders et al., 2018). Intriguingly, three
independent components (ICs) each split the eight T4/T5 clusters into two groups of four, each in
a different way (Figure 2.2A). Together, these three ICs were sufficient to define all eight clusters
(Figure 2.2B).

Each of the three ICs defined an axis of transcriptional diversity (hereafter referred to as
Axis 1, 2, 3) driven by a group of genes differentially expressed along each axis. Many of these
genes were expressed in a binary (ON/OFF) pattern in one of the two groups of clusters separated
along each axis (Figure 2.2C). A small set of TFs were among the genes with the highest
contributions to each axis and illustrate this pattern. Binary expression of bifid (bi) defined the two
groups of clusters separated by Axis 1, grain (grn) defined the clusters separated by Axis 2, and
TfAP-2 defined the clusters separated by Axis 3 (Figure 2.2D). Thus, while no individual cluster
is uniquely defined by the expression of a single gene, each cluster expresses a unique
combination of genes. In this way, three axes of diversity with orthogonal ON/OFF expression

patterns of TFs define the eight T4/T5 clusters.
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Figure 2.2. Three primary axes of transcriptional diversity define eight T4/T5 populations.
(A) Three independent components (ICs, henceforth Axis 1, 2, 3) separate cells into approximate
halves. Histograms (bottom) and 1-D scatterplots (top) show the distributions of cells along each
axis. Cells are grouped into rows based on cluster identities. ICs/Axes are ordered according to
following results. Clusters are color-coded as in Figure 2.1E. See also Figure 2.51. (B) 3-D
scatterplot of the distributions of cells along the three ICs/Axes. (C) Heatmaps of expression
patterns of the top 15 genes with highest contribution (loading) to each IC/Axis. Cells (columns)
are ordered according to a score for each IC/Axis. Genes (rows) are ordered according to the
contribution to each IC/Axis. Scaled expression levels are indicated, as in scale. Axes ordered as
in (A). (D) 3-D scatterplots with expression patterns of transcription factors (TFs) with highest
contribution to each IC/Axis. Normalized expression levels are indicated by color, as in scale.
Axes are arranged as in (B).
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2.4.3. Primary axes of transcriptional diversity correspond to axon and dendrite wiring

patterns.

We next sought to map transcriptional clusters to T4/T5 subtypes, and to determine the
biological significance of the observed axes of transcriptional diversity. We inspected in vivo
expression patterns of genes associated with the three primary axes of diversity using transgenic
reporters inserted into the endogenous loci (Venken et al., 2011).

Axis 1 separated clusters into two groups of four that were defined by mutually exclusive
binary expression of two genes, Fasciclin 2 (Fas2) and klingon (klg), respectively (Figure 2.3A),
each encoding immunoglobulin (Ig) superfamily proteins. Fas2 was expressed in LoP layers a/b,
whereas klg was expressed in LoP layers c/d (Figure 2.3B). Clusters expressing Fas2 and kig
also expressed previously described markers for T4/T5 subtypes a/b (dachshund (dac)) and c/d
(bi, Connectin (Con)) (Apitz & Salecker, 2018)(Figure 2.82). Thus, Axis 1 separated LoP layer
a/b and c/d subtypes, defining specificity of axonal outputs between two broad domains of the
LoP (Figure 3C). This corresponds to separation of horizontal (posterior/anterior) and vertical
(upwards/ downwards) motion detection circuits, respectively.

Axis 2 separated clusters into two groups of four defined by binary expression of beat-1V
(an Ig superfamily protein) and the TF grn. Both genes were expressed in LoP layers b/c, but not
a/d. Thus, Axis 2 further separated subtypes into inner (b and c¢) and outer (a and d) LoP layer
subtypes in a symmetrical fashion, defining specificity of axonal outputs between adjacent layers
within the two broad domains of the LoP (Figure 2.3A’-2.3C’). This corresponds to further
separation of each of the motion detection circuits into two subcircuits detecting motion in two
opposing directions (i.e. horizontal into posterior and anterior, and vertical into upwards and

downwards motion).
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Axis 3 separated clusters into two groups of four defined by binary expression of dpr2 and
beat-VI, each encoding an Ig superfamily protein. In vivo, both genes were expressed in all LoP
layers, and M10 but not Lo1. Thus, Axis 3 separated all T4 from all T5 subtypes, defining
specificity of dendritic inputs (Figure 2.3A”’—2.3C”"). This corresponds to separation into two
parallel circuits for ON and OFF motion detection, respectively.

Taken together, three primary axes of diversity defined distinct wiring features of T4/T5
subtypes and in combination defined wiring patterns of each T4/T5 subtype (Figure 2.3A-2.3A”).
A combination of Axis 1 and Axis 2 defined four types of axonal outputs (a, b, c, d), and Axis 3

defined two types of dendritic inputs (T4 and T5).
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Figure 2.3. Primary axes of transcriptional diversity define groups of T4/T5 subtypes with
shared wiring patterns.

(A—A") 1-D scatterplots show distribution of cells along Axis 1, 2, and 3 for each cluster.
Normalized expression levels are indicated by color, as in scale. (B-B”) In vivo expression of
marker genes for each axis at 48 hr APF. Fas2 labels LoP layers a/b, kig labels LoP layers c/d,
beat-IV and grn label LoP layers b/c, dpr2 and beat-VI label M10 but not Lo1. Scale bars, 20 mm.
Sets of positive clusters in (A) are matched to specific sets of T4/T5 subtypes based on in vivo
expression patterns in (B). Individual cluster identities are deduced based on combination of
expression patterns. For example, T4a is Fas2+ (a/b), beat-IV- (not b/ c¢), dpr2+ (M10). (C-C”)
Schematic of wiring patterns of T4/T5 subtypes corresponding to the expression patterns of
marker genes (red). See also Figure 2.S2.
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2.4.4. Transcriptional program of a single T4/T5 subtype

In addition to the transcriptional differences between groups of T4/T5 subtypes described
above, further variation might exist at the individual subtype level. To examine this possibility, we
focused on a single subtype (T4a) and performed comprehensive pairwise comparisons with each
of the other subtypes (i.e. ‘one versus one’).

First, we compared T4a and each subtype that differed by a single wiring feature: either
axonal outputs (T4b, T4c, T4d), or dendritic inputs (T5a) (Figure 2.4, upper dot plots).
Comparison of T4a to T4c or T4d, which have axonal outputs in non-adjacent LoP layers, yielded
the largest number of differentially expressed genes (DEGs, 58 and 55, respectively). T4a and
T4b have axonal outputs in adjacent LoP layers, and were separated by an intermediate number
of DEGs (16). Finally, only a small number of DEGs (9) separated T4a and T5a, which share
axonal output but receive different dendritic inputs.

Expression patterns of the DEGs from pairwise comparisons across all T4/T5 subtypes
revealed a general pattern (Figure 2.4, lower dot plots): virtually all DEGs were co-regulated
across all subtypes according to either specificity of axonal outputs or dendritic inputs. In other
words, distinct sets of DEGs were expressed in each pair of subtypes with shared axonal outputs,
but different dendritic inputs (e.g. in T4a and T5a, Figures 2.4A—C). Similarly, a distinct set of
DEGs was expressed in groups of subtypes with shared dendritic inputs, but different axonal
outputs (i.e. all T4 subtypes, Figure 2.4D).

The co-regulation of DEGs according to wiring patterns was not limited to comparisons
between subtypes that differed by a single wiring feature. DEGs between T4a and subtypes that
differed by both axon and dendrite wiring patterns (e.g. T5c), were also expressed in groups of

subtypes sharing either axonal outputs or dendritic inputs (Figure 2.S3).
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In addition to three primary axes of transcriptional diversity, this analysis shows that a
number of DEGs exhibited more distinct LoP layer-specific patterns. For example, many DEGs
were specifically expressed or suppressed in T4/T5 subtypes from a single LoP layer (Figure
2.4C).

Many of the DEGs have been implicated in neuronal wiring specificity (Figure 2.4).
Approximately half of the DEGs encoded CSPs with cell adhesion domains (Ig/LRR), including
multiple members of the dpr/DIP and beat/side families of interacting proteins (Apitz & Salecker,
2018; Zinn & Ozkan, 2017); specific members of these families have been shown to regulate axon
guidance and synaptic specificity in the developing fly nervous system.

Taken together, these results reveal that the transcriptional organization of T4/T5 neurons
mirrored their wiring patterns. Discrete groups of co-regulated genes reiteratively defined either
shared axon or shared dendrite wiring patterns among different subtypes. These groups of genes

were assembled in different combinations to uniquely define the eight T4/T5 subtypes.

43



A T4avsT4c
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Pairwise comparisons between T4a and other subtypes (‘one versus one’, see Materials and
methods) that differ by either axonal outputs (A—C), or dendritic inputs (D). For each comparison,
insets indicate morphologies (upper left) and cluster distributions along axes of transcriptional
diversity (lower left). Expression patterns of differentially expressed genes (DEGs) for each
pairwise comparison are shown in upper right. Dot size indicates the percentage of cells in which
the DEG was detected, color represents average scaled expression, as in scale. Genes are
ordered by fold-change values. Top 20 DEGs are shown for (A) and (B). Expression patterns of
DEGs among all eight subtypes are shown in lower right. See also Figure 2.S3.
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2.4.5. Stable and dynamic features of T4/T5 transcriptional programs during development

To evaluate how gene expression in T4/T5 subtypes changes during development, we
profiled T4/ T5s at an earlier time point, 24hr APF. Similar to our dataset at 48hr APF, we identified
eight distinct populations separated by three equivalent axes of transcriptional diversity. Many of
the same genes were associated with these axes at both time points, allowing us to match
subtypes between 24hr and 48hr APF (Figure 2.S7).

Comparison of 24hr and 48hr datasets revealed stable and dynamic features of T4/T5
transcriptional programs. TFs defining the primary axes of diversity (bi, grn, TfAP-2) were
expressed in the same sets of subtypes at both time points, suggesting they may contribute to
stable subtype identities during development (Figure 2.5A). Some CSPs also exhibited stable
expression, marking subtypes with shared axon or dendrite wiring patterns at both time points.
Other CSPs were dynamically regulated and were specific to subtypes only at a particular stage
of development (Figures 2.5B-D and Figure 2.S8).

Interestingly, dynamic changes in gene expression were also coordinated among
subtypes with shared wiring features (Figures 2.5B-D). For example, dpr3 and a few other CSPs
were synchronously upregulated in all T4 subtypes from 24 hr to 48 hr APF. Similarly, Toll-6 was
synchronously upregulated in both LoP layer ‘a’ subtypes (T4a/T5a). These data indicate that
similar transcriptional programs unfold in parallel among T4/T5 subtypes with shared wiring

features.
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2.4.6. Axon-specific transcriptional programs of T4/T5 neurons control lamination of LoP

layers.

A remarkable correspondence between transcriptional programs and wiring patterns
suggested that these programs control development of corresponding features of T4/T5 neurons.
During the period covered in our study (24—48 hr APF) four LoP layers form in two discrete
lamination steps (Figure 2.S5). The T4/T5 axon terminals first laminate into two broad domains
corresponding to layers a/b and c/d. These domains then further sublaminate into two pairs of
adjacent layers to form the four discrete LoP layers, a, b, ¢, and d. The two primary axes of
transcriptional diversity mirrored these two stages of LoP layer formation, suggesting a regulatory
code for axon wiring (Figure 2.3). Mutually exclusive expression of the TFs dac and bi/pros
separated a/b (dac+) from c/d (bi+/ pros+) subtypes (i.e. Axis 1, Apitz & Salecker, 2018). These
subtypes were further separated by expression of the TF grn into inner (b and ¢, grn+) and outer
(aand d, grn-) layer subtypes in a symmetrical fashion (i.e. Axis 2). This suggested that two levels
of transcriptional regulation, acting either sequentially or in a temporally overlapping way, control
development of four types of T4/T5 axonal outputs.

We sought to experimentally address this issue. Previous studies indicate that bi specifies
c/d subtypes and formation of corresponding LoP layers. RNAI of bi in all T4/T5 neurons results
in loss of the c/d domain of the LoP, whereas overexpression results in loss of the a/b domain. In
both cases, further sublamination of remaining inner and outer LoP layer pairs still occurs (Apitz
& Salecker, 2018). We performed RNAI of grn, which resulted in a different phenotype; whereas
distinct a/ b and c/d LoP domains were still separated by a pronounced gap and differential
expression of Con (a marker for LoP layers c/d), both domains failed to sublaminate into inner
and outer layers, instead forming a single layer each (Figure 2.6A—B). The overall morphological
organization of T4/T5 neurons was otherwise unaffected. Overexpression of grn in all T4/T5

neurons also resulted in a specific failure of a/b and c/d LoP domains to sublaminate.
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RNAIi and overexpression of grn resulted in significant loss of T4/T5 neuron numbers
between 24 hr and 48 hr APF (Figure 2.S6), associated with an increase in apoptosis (Figure
2.6C-D). Failure of LoP layer sublamination could result from death of specific subtypes during
development. Alternatively, differential expression of grn might be required to direct T4/T5 axons
to discrete layers. Expression of baculovirus caspase inhibitor p35 in developing T4/T5s rescued
cell death associated with grn overexpression. Nevertheless, T4/T5 axons still failed to
sublaminate into four discrete LoP layers (Figure 2.6E—F). Thus, differential expression of grn is
specifically required for sublamination of T4/T5 axons between pairs of adjacent LoP layers.

We conclude that axon-specific transcriptional programs defined by binary (ON/OFF)
expression patterns of two TFs, bi and grn, control the formation of four LoP layers and

corresponding T4/T5 axonal wiring patterns.
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Figure 2.6. grn controls sublamination of T4/T5 axons into inner and outer LoP layers.

(A) Schematic of grn+ (red) T4/T5 subtypes in wild-type optic lobe. grn expression defines inner
LoP layer subtypes. See also Figure 6—figure supplement 1. (B) grn RNAi and grn
overexpression in all T4/T5 neurons specifically disrupts sublamination of a/b (Con-) and c/d
(Con+) LoP subdomains into inner and outer layers. Insets depict LoP phenotypes. (C-D)
Immunostaining for Death caspase-1 (Dcp-1) reveals increased apoptotic T4/T5 neurons under
grn RNAI and overexpression (UAS-grn) conditions at 30 hr APF. See also Figure 2.S6, and
Figure 6—source data 1. (E) Ectopic expression of p35 in T4/T5 neurons (UAS-p35) rescues
apoptotic cell death associated with overexpression of grn. (F) grn overexpression specifically
disrupts axon sublamination when apoptosis is blocked. Statistical significance assessed by one-
way ANOVA with Tukey’s multiple comparison test (**p<0.01, ***p<0.001). Bars and whiskers
represent mean and standard deviation. Dots represent values for individual optic lobes.
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2.5. Discussion

Single-cell transcriptional profiling has the potential to transform our understanding of the
genetic programs controlling wiring in complex nervous systems (Klingler et al., 2018; Hongjie Li
et al., 2017; Tasic et al., 2018). However, neurons exhibit a vast diversity of wiring patterns,
morphologies, and molecular identities, making it difficult to extract the transcriptional logic
underlying specific wiring features. Here, we turned to the closely related T4/T5 subtypes of the
Drosophila visual system, which differ by specific variations in wiring, with the expectation that
transcriptional differences among them would reflect the specificity of dendritic inputs and axonal
outputs. A unique attribute of T4/T5 neurons is that the same dendritic and axonal wiring patterns
are reiteratively used among different subtypes; each neuron can be described by a unique
combination of one of four types of axonal outputs and one of two types of dendritic inputs. We
anticipated that this property of T4/T5 neurons would provide an opportunity to assess the
relationship between specific genetic programs and fundamental features of neuronal architecture.

Unsupervised analysis revealed that separable transcriptional programs correlate with
these specific wiring features. We demonstrate through gain and loss of function experiments that
these programs control specific axonal targeting features, which are separable from other features
(e.g. dendrite targeting). These programs can be re-assembled in a modular fashion to generate
neuronal subtypes with different combinations of wiring features. A modular transcriptional
architecture may provide a general strategy for discrete modifications to neuronal connectivity in
development and evolution.

A common T4/T5 neuronal identity is defined by a unique combination of TFs expressed
in all subtypes (e.g. Lim1, Drgx, acj6) (Davie et al., 2018; Konstantinides et al., 2018). Perturbation
of TFs expressed in all subtypes disrupts overall organization of T4/T5 neurons, including both
dendritic and axonal morphologies(Contreras et al., 2018; Schilling et al., 2019). We find that this

common T4/T5 transcriptional program is further diversified by separable feature-specific
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transcriptional programs. These programs are defined by three binary (ON/OFF) TF expression
patterns, with two TF patterns defining the four axonal outputs and one TF pattern defining the
two dendritic inputs. In this way, modular TF codes defining common and feature-specific

transcriptional programs give rise to eight T4/T5 subtypes (Figure 2.7).
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Figure 2.7. Modular transcription factor codes define eight T4/T5 subtypes.

A common T4/T5 regulatory program is defined by TFs expressed in all subtypes (Davie et al.,
2018; Konstantinides et al., 2018; Contreras et al., 2018; Schilling et al., 2019). This program is
diversified by modular combinations of feature-specific TFs defining unique wiring patterns of
eight T4/T5 subtypes. Dot size indicates the percentage of cells in which the TF was detected,
color represents average scaled expression, as in scale. Data shown for 48 hr APF. See also
Figure 2.S7 and 2.S8
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Four pairs of T4/T5 subtypes with shared axonal outputs (and different dendritic inputs)
each target one of four LoP layers, a-d. The ultimate layered architecture of neuropils develops
through sequential lamination into increasing numbers of layers (Millard & Pecot, 2018; Sanes &
Zipursky, 2010). Together with previous results, our findings suggest that the lamination of T4/T5
axonal outputs occurs via two distinct processes, each controlled by a separate TF. Binary
expression of bi is required for lamination of the broad a/b from c/d LoP domains (Apitz & Salecker,
2018), whereas binary expression of grn is required for sublamination of each of these two
domains into separate LoP layers. Importantly, perturbation of each TF exclusively disrupts the
corresponding lamination step, while not affecting other morphological features of T4/T5 neurons.
Similarly, two quartets of subtypes with shared dendritic inputs (and different axonal outputs) were
defined by binary expression of TfAP-2. Arborization of dendrites in M10 (T4) or Lo1 (T5) occurs
during initial neurite guidance steps, preceding the developmental stages covered in this study
(Pinto-Teixeira et al., 2018). We hypothesize that DEGs between T4 and T5 subtypes identified
in our analysis contribute to the connections with two distinct sets of presynaptic partners
(Shinomiya et al., 2019).

The binary expression patterns of TFs also mirror the developmental lineages of T4/T5
neurons. a/b and c/d subtypes arise from bi- and bi+ progenitor populations. Neuroblasts from
each population undergo two terminal Notch-dependent asymmetric divisions to give rise to the
eight subtypes (Pinto-Teixeira et al., 2018). These divisions correspond to binary expression
patterns of grn and TfAP-2, respectively, which act with Notch signaling to regulate wiring.
Remarkably, despite divergent developmental trajectories separated by multiple divisions and
distinct progenitor pools, all T4 and all TS5 subtypes converge onto the same transcriptional
programs associated with two types of dendritic inputs. Three regulatory dichotomies could also
reflect the evolutionary origin of T4/T5 subtypes and correspond to consecutive duplications of

ancestral cell types and circuits (Arendt et al., 2016; Shinomiya et al., 2015).
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Each axonal and dendritic transcriptional program is characterized by a specific pattern of
TFs, as well as a set of CSPs, many of which are implicated in regulating wiring in other
developmental contexts. These include Ig superfamily proteins in which different paralogs exhibit
discrete heterophilic binding specificities, including the beat/side and the dpr/DIP interacting
protein families (Zinn & Ozkan, 2017). Interestingly, dynamic expression of these proteins in
neurons with shared wiring features was developmentally coordinated. We envision that the
synaptic specificity of T4/T5 dendrites and axons are determined by the combined activity of these
recognition molecules through interactions with synaptic partners. Future experiments utilizing
gain and loss of function analysis, either alone or different combinations, will provide insights into
the cellular recognition mechanisms by which synaptic specificity is established.

The composite morphological properties of T4/T5 subtypes allowed us to identify, and thus
decouple transcriptional programs for dendrite and axon wiring. Combining separate dendritic and
axonal programs, and variations on them, may contribute to the diversification of synaptic

specificity in different neuronal subtypes across complex nervous systems.
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Figure 2.S1. T4/T5 neurons robustly cluster into eight transcriptionally distinct populations
(48 hr APF).

(A) Principal component analysis (PCA). (B) Independent component analysis (ICA). Distributions
of cells along eight principal components (PCs) and eight independent components (ICs). (C)
tSNE plots based on IC 1-3 (left), IC 1-8 (middle), PC 1-8 (right). Cells are color coded according
to the final clustering results based on IC 1-3, as in Figure 2.1

55



Con

T4a R

T5a . 'Qm?

T4b i O

Tsb - §5 LI

T4c RS

T5c .’ XU

Tad R Iz

T5d RN
2 2 2 A1 0 1 2

Figure 2.82. Expression patterns of known marker genes for a/b and c/d subtypes along Axis 1
at 48 hr APF. See legend of Figure 2.3 for details.
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Figure 2.S3. Pairwise comparisons between T4a and subtypes that differ by both axonal
outputs and dendritic inputs. Top 20 DEGs are shown for each comparison. See legend of
Figure 2.4 for details.
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Figure 2.84. Single-cell profiling of T4/T5 neurons at 24 hr APF. Unsupervised analysis
revealed eight transcriptionally distinct populations. (A) tSNE plot of 3833 single-cell
transcriptomes. (B). Distribution of cells along three primary axes of transcriptional diversity, and
expression patterns of TF with highest contribution to each axis. See legends of Figures 2.1-2.3
for details.
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Figure 2.S5. Sequential lamination of T4/T5 axons and four LoP layers. 23G12-Gal4 drives
membrane localized RFP (grey) and nuclear localized GFP (green) in all T4/T5 neurons
throughout pupal development.
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Figure 2.S7. Expression patterns of TFs at 24hr APF.
See Figure 2.7 legend for details.
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Figure 2.S8. Expression patterns of subtype-enriched CSPs with cell adhesion domains.
Expression patterns of subtype-enriched CSPs with cell adhesion domains (e.g. Ig and LRR).
Expression patterns are shown for 24hr and 48hr APF. CSPs are ordered by similarity of their
expression patterns. See Figure 2.7 legend for details.
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CHAPTER THREE

Transcriptional Programs of Circuit Assembly in the Drosophila Visual System
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3.1 Abstract

Precise patterns of synaptic connections between neurons are encoded in their genetic
programs. Here, we use single-cell RNA sequencing to profile neuronal transcriptomes at multiple
stages in the developing Drosophila visual system. We devise an efficient strategy for profiling
neurons at multiple time points in a single pool, thereby minimizing batch effects and maximizing
the reliability of time-course data. A transcriptional atlas spanning multiple stages is generated,
including more than 150 distinct neuronal populations; of these, 88 are followed through
synaptogenesis. This analysis reveals a common (pan-neuronal) program unfolding in highly
coordinated fashion in all neurons, including genes encoding proteins comprising the core
synaptic machinery and membrane excitability. This program is overlaid by cell-type-specific
programs with diverse cell recognition molecules expressed in different combinations and at
different times. We propose that a pan-neuronal program endows neurons with the competence

to form synapses and that cell-type-specific programs control synaptic specificity.

3.2. Introduction

Neural circuits in brains from worms to mammals are largely hard wired. Genetic and
molecular studies have provided mechanistic insights into how circuits develop (Sanes & Zipursky,
2020). A small, largely evolutionarily conserved set of intercellular signaling molecules and a more
diverse set of transcription factors (TFs) act early in development to pattern neural tissue and
regulate neuronal cell fate (Holguera & Desplan, 2018). TFs called terminal selectors have been
identified that regulate selective features of neurons, such as the specific neurotransmitter a
neuron uses (Hobert & Kratsios, 2019). Combinatorial transcriptional programs have been
identified in Drosophila that specify unique dendritic and axonal morphologies (Enriquez et al.,

2015). At later stages of development, transcriptional programs also specify patterns of synaptic
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connectivity, with examples of specific TFs controlling the expression of genes encoding proteins
that regulate wiring (Liu et al., 2018; Morey et al., 2008). Recent single-cell sequencing studies in
the Drosophila olfactory and visual systems suggest that a relatively small number of TFs drive
neuron diversity and that a much larger set of cell surface proteins regulated by them specify
patterns of synaptic connectivity (Kurmangaliyev et al., 2019; Li et al., 2017).

The formation of connections between neurons unfolds during development in a stepwise
fashion. During axon guidance, growth cones at the leading edge of axons extend along
stereotyped paths to their target regions. Here, other neurons elaborate dendrites. Within the
target region, axons intermingle with dendritic processes of tens to hundreds of different neuron
types. It is during this period in development that neurites form synaptic connections and acquire
their mature signaling properties. Whereas genetic and biochemical studies have led to a detailed
molecular description of axon guidance (Dickson, 2002; Tessier-Lavigne & Goodman, 1996), our
understanding of how neurites discriminate between one another to select their appropriate
synaptic partners remains fragmentary (Sanes & Zipursky, 2020). Several recent advances have
brightened the prospects of uncovering molecules, mechanisms, and principles underlying
synaptic specificity. Among these, single-cell RNA sequencing (scRNA-seq) provides a unique
opportunity to characterize expression of cell recognition molecules expressed in synaptic
partners during synapse formation.

The Drosophila visual system is well suited to studying the genetic programs of synaptic
specificity due to the availability of synapse-level connectivity maps of more than a hundred well-
defined cell types (Fischbach & Dittrich, 1989; S. Takemura et al., 2013; S.-Y. Takemura et al.,
2015) and the availability of genetic and molecular tools to manipulate discrete classes of neurons.
A number of recent studies used single-cell sequencing to characterize neurons in the adult fly
brain, including the visual system (Allen et al., 2020; Croset et al., 2018; Davie et al., 2018;

Konstantinides et al., 2018). However, these datasets are of limited use for studying
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developmental processes, as transcriptomes during development are dynamic and quite different
from their adult counterparts (Kurmangaliyev et al., 2019; Li et al., 2017; Sarin et al., 2018).
Here, we set out to generate a transcriptional atlas of the developing Drosophila visual
system during circuit assembly. We devised a strategy for single-cell sequencing of multiple time
points in a pooled fashion to minimize the confound of batch effects. We identified 162 distinct
neuronal populations and followed 88 of them at seven time points just prior to, during, and
following synapse formation. This enabled us to uncover a common (pan-neuronal) transcriptional
program in all neuron types that proceeds in a synchronous fashion. This program includes genes
encoding core protein components of synapses and membrane excitability. The diversity of cell-
type-specific programs was driven by dynamically expressed sets of cell recognition molecules
and other genes involved in intercellular interactions. We propose that the pan-neuronal program
endows all neurons with a competence to form synapses, whereas synaptic specificity is
determined by cell-type-specific repertoires of cell surface proteins with distinct temporal

expression patterns and recognition specificities.
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3.3. Materials and Methods

Drosophila DGRP heterozygote animals

Flies were reared at 25°C on standard medium. For experiments with conventional design
(W1118), w[1118] (BDSC #5905) female white pre-pupae (0h APF) were collected and reared
until dissection at target time points (5-6 animals per sample). For experiments with pooled
design(DGRP), virgin females w[1118] (BDSC #5905) were crossed to males of 35 isogenic wild-
type strains from the Drosophila Reference Genetic Panel (Mackay et al. 2012; Huang et al. 2014).
F1-generation female white pre-pupae were collected and reared until dissection at target time
points. Animals for pooled samples with mixtures of target time points were staged with 12h
intervals and were dissected and processed simultaneously. For every target time point, we used
three individual animals with unique genotypes (total 27 animals per sample). For two replicates
of DGRP experiments, genotypes used for each time point were reshuffled. All genotypes used

in the study are shown in Supplementary Figure1A-B.

Drosophila transgenic lines

The following transgenic lines were used for validation of regional subtypes of Tm9 and T4/T5
neurons: 24C08-LexA (Tm9, BDSC #62012), 23G12-LexA (T4/T5, BDSC #65044), Wnt10-TG4
(gift from Hugo Bellen, CR01661), CG15537-TG4 (gift from Hugo Bellen, CR02107), LexAop-

myr::tdTomato (Zipursky laboratory), 10XUAS-myr::GFP (Zipursky laboratory).

Tissue dissociation and single-cell suspensions

Optic lobes were collected in a single Eppendorf tube per sample. Brain tissue was incubated in
papain (Worthington #LK003178) and Liberase protease (Sigma-Aldrich #5401119001) cocktail
at 25°C for 15 min. Tissue was gently washed twice with PBS, then washed with 0.04% BSA in

PBS and dissociated mechanically by pipetting. Cell suspension was filtered through a 20 ym
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cell-strainer (Corning #352235), stained with DRAQ5 (abcam #ab108410), and sorted by FACS

(BD FACSAria ll) to isolate single-cells and measure cell concentrations.

Immunohistochemistry / Immunofluorescence

Brain dissections and immunostaining were performed as described in (Kurmangaliyev et al.
2019). Brains were dissected in ice-cold Schneider’s Drosophila Medium (Gibco #21720-024),
and fixed in PBS (Bioland Scientific LLC #PBS01-03) containing 4% paraformaldehyde (Electron
Microscopy Sciences, Cat#15710) for 25 min at room temperature (RT). Brains were rinsed
repeatedly with PBST (PBS containing 0.5% Triton-X100 (Sigma #T79284)), and incubated in
blocking solution (PBST containing 10% Normal Goat Serum (Sigma #G6767)) for at least 1 hr at
RT prior to incubation with anti- body. Brains were incubated sequentially with primary and
secondary antibodies diluted in blocking solution overnight at 4C, with at least 2 PBST rinses
followed by 2 hr incubations at RT in between and afterwards. Brains were transferred to 50%
(for 30 min), then 100% EverBrite mounting medium (Biotium #23001) and mounted on slides for

confocal microscopy.

Primary antibodies and dilutions used in this study: chicken anti-GFP (Abcam #13970, 1:1000),
rabbit anti-dsRed (Clontech #632496, 1:200), rat anti-NCad (Developmental Studies Hybridoma
Bank (DSHB) DN-Ex#8, 1:40). Secondary antibodies and dilutions used in this study were as
follows: goat anti-chicken Alexa Fluor 488 (AF488) (Invitrogen #A11039, 1:200), goat anti-rabbit
AF568 (Invitrogen #A11011, 1:200), goat anti-rat AF647 (Invitrogen #A21247, 1:500).

Immunofluorescence images were acquired using a Zeiss LSM 880 confocal microscope with Zen
digital imaging software. Optical sections or maximum intensity projections were level-adjusted,
cropped and exported for presentation using Image J software (Fiji). Reported expression

patterns were reproducible across three or more biological samples.
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Confocal microscopy and image analysis

Immunofluorescence images were acquired using a Zeiss LSM 880 confocal microscope with Zen
digital imaging software. Optical sections or maximum intensity projections were level-adjusted,
cropped and exported for presentation using Image J software (Fiji). Reported expression

patterns were reproducible across three or more biological samples.

Droplet-based single-cell RNA-Seq

Single-cell suspensions were processed using the 10XGenomics Chromium 3’ v3 platform. For
W1118 experiments, 4 lanes of a Chromium Chip were loaded per each sample; for DGRP
experiments, 8 lanes of a Chromium Chip were loaded per each sample (i.e. replicates A and B).
Loading volumes were estimated based on cell concentrations to capture around 8,000 single
cells per one lane. Single-cell RNA-Seq libraries were generated using the manufacturer's
protocol, with 12 cycles of PCR for cDNA amplification. All RNA-Seq libraries were sequenced

using 4 lanes of lllumina NovaSeq 6000 S4 platform (28bp + 150bp).

QUANTIFICATION AND STATISTICAL ANALYSIS

Single-cell RNA-seq data analysis

Raw data processing

Fastq files with raw reads were processed using Cell Ranger (3.1.0) with default parameters.

Reference genome and transcriptome were based on FlyBase (release 6.29).

Demultiplexing of DGRP samples
Single-cell transcriptomes from DGRP samples were demultiplexed based on parental genotypes
using demuxlet with default parameters (version 2, https://github.com/statgen/popscle, Kang et

al. 2018). The genotypes of wild-type strains were
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downloaded from the DGRP web-site (http://dgrp2.gnets.ncsu.edu/, Mackay et al. 2012; Huang
et al. 2014). Demultiplexing was based on genotypes of 35 DGRP strains that were used in
experiments (each sample included 27 of them and the remaining genotypes were used as
negative controls). The coordinates of genomic variants for DGRP strains were updated from dm3
to dm6 version of the Drosophila melanogaster reference genome using CrossMap (Zhao et al.
2014). The exonic variants for w[1118] (BDSC #5905) were called based on BAM files produced
by Cell Ranger for W1118 samples. Variants were called using bcftools pipeline with default
parameters (version 1.8, Heng, 2011). The genotypes of F1 heterozygotes were assembled
based on parental genotypes. The genomic variants used for demultiplexing were filtered using
following criteria: (1) only biallelic single-nucleotide polymorphisms (SNPs) with maximum minor
allele count of 8 among analyzed DGRP strains; (2) SNPs had to be represented by a reference
genome allele in w[1118] strain (min.depth>10). In total, 176,636

SNPs were used for demultiplexing. Only 37 of 246,308 cell barcodes (before filtering) were
erroneously assigned to the genotypes that were not used in the given samples (negative

controls), indicating high accuracy of recovered sample identities of single cells.

Quality control and filtering of single cells

The initial set of cell barcodes called by Cell Ranger were filtered based on following criteria: (1)
number of transcripts from 2,000 to 20,000; (2) maximum 10% of mitochondrial transcripts; (3) for
DGRP samples, we removed predicted doublets and cells assigned to wrong genotypes; (4) we
also removed cells with more than 3 transcripts aligned to male-specific IncRNA:roX1 and
IncRNA:roX2 genes. Only one of the samples had a considerable number of potential male cells
suggesting contamination by a male pupa (W1118, 48h APF, replicate A, 15% of cells). In total,

208,976 cells passed all criteria and were used for further analysis (Figure S1E).
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Integrative analysis of the main dataset (24-96h APF)

All steps of single-cell data analysis were performed using methods implemented in Seurat V3
(version 3.1.2, Butler et al., 2018, PMID:29608179; Stuart et al. 2019). Samples from 24h to 96h
APF were analyzed together. Raw gene counts were normalized by total number of transcripts
per cell and log-transformed (function NormalizeData). Integration was performed on 3000 highly
variable genes selected across all samples (function SelectintegrationFeatures). We excluded
from this set mitochondrial genes, ribosomal protein genes, genes encoding heat-shock proteins
and genes from oxidative phosphorylation complexes (FlyBase gene groups). We performed
integration of samples using “reference-based” implementation of CCA (canonical correlation
analysis) and MNN (mutual nearest neighbors) based workflow. W1118 samples from 48h
(replicate A) and 72h APF were used as reference datasets, and dimensionality of the dataset
was set to 200 (functions FindIntegrationAnchors and IntegrateData). Integrated dataset was
scaled and used for principal component analysis (PCA). The first 200 PCs were used for graph-
based clustering (functions FindNeighbors and FindClusters, k.param = 50, resolution = 10). The

same set of PCs was used to generate t-distributed stochastic neighbor embedding (tSNE) plots.

Integrative analysis of the early dataset (Oh-24h APF)

DGRP samples from early time points were integrated separately. The analysis was performed
similar to the main dataset. We used DGRP 24h samples as reference datasets. All parameters
of the analysis were the same as those used for the main dataset. Matching transcriptional
clusters to major classes of cell types (main dataset): The first three PCs of integrated dataset
separated the major classes of cell types: PC1 separated neurons (elav+) from other populations;
PC2 separated two groups of non-neuronal clusters from each other (repo+ glia from repo- cells);
and PC3 separated photoreceptor cells (chp+) from the remaining cells. We computed centroids
of each cluster in the space of these 3 PCs and applied K-means clustering. This allowed us to

group transcriptional clusters into four major classes of cell types (Figure S3).
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Matching transcriptional clusters to cell types (main dataset)

Neuronal clusters were matched to known morphological cell types using two bulk RNA-Seq
datasets from adult animals (Davis et al. 2020; Konstantinides et al. 2018). For Davis et al. (2020)
normalized expression profiles per cell type were downloaded from NCBI GEO (GSE116969,
dataTable4). For Konstantinides et al. (2018), expression matrix with raw gene counts was
downloaded from NCBI GEO (GSE103772). Flybase gene IDs were matched to gene symbols,
and gene counts were normalized using edgeR (Robinson et al. 2010). For both datasets we
focused on reference profiles for individual optic lobe neurons. Figure 3.S4A-B).

For single-cell transcriptomes, we used cells from the W1118/96h sample. The analysis
performed on original expression values (i.e. uncorrected expression matrix). We computed the
average expression profile for each cell type. Next, we identified genes enriched in each neuronal
cluster in the same sample. Cluster-enriched genes were identified using Wilcoxon rank-sum test
(function FindMarkers, fold-change > 2, adjusted p < 0.01). Each cluster was compared to the
background set of neurons with equal proportions of cells from each neuronal cluster (max. 30
cells from each cluster). The union of top 20 enriched genes for each cluster was used for
correlation analysis (top marker genes, total 826 genes).

Pearson’s correlation coefficients were computed between log-transformed reference expression
profiles and the average expression profile of each transcriptional cluster for top marker genes
(Figure 3.S4A-B). Almost all reference datasets had best mutual match with a single
transcriptional cluster (only exclusion was LC16 cells from Davis et al. 2020). Matching of cell
types that were present in both reference datasets were also concordant. In a few cases multiple
clusters matched with a single reference profile with similar correlation values. In these cases,
reference cell types included multiple distinct transcriptional subtypes (both known and newly
identified, see main text for details). The final set of matched cell types was manually curated

based on expression of known marker genes (Figure 3.S4C). In particular, we curated known
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subtypes of T4/T5 neurons, newly identified subtypes for Dm3 and Tm9 neurons, and we also
inferred identity of T2a cluster based on similarity to the related and matched T2 and T3 clusters.
We used two levels of cluster identities for few cell types: cell types and cell subtypes. Subtypes
were defined for T4/T5 neurons, Tm9 and Dm3 neurons. All further analyses were performed on
the level of cell types (e.g. all T4/T5 neurons are considered as a single cell type). We also
annotated two large clusters of photoreceptors that corresponded to R1-6 and R7/R8 cell types.
The remaining cluster of R cells represented only 0.3% of photoreceptors and likely represents
cells undergoing apoptosis (defined by expression of grim and rpr). In total, 58 neuronal and 2

photoreceptor clusters were matched to known cell types and subtypes in the main dataset.
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Matching transcriptional clusters to cell types (early dataset)

The early dataset included cells from DGRP/24h samples. These cells were also analyzed in the
main dataset and have assigned cluster and cell type identities. We used these shared cells to
directly transfer cluster identities between two datasets (on the level of cell types, see above).
Clusters from the early and the main datasets were considered matching if the majority of 24h
cells in both clusters were the same (minimum 90% cells in each direction). In this way, we were
able to match and transfer identities for 58 of 196 transcriptional clusters from the main to the
early dataset (Figure 3.S5). In few cases, matching of closely related clusters were curated
manually (i.e. T4/T5 neurons and photoreceptors). Also note that some of the matched clusters
in the early datasets largely consisted of cells from 24h APF (i.e. was not detected at Oh and 12h
APF). 22 neuronal clusters that were matched to the main dataset were represented by at least
10 cells at both Oh and 12h APF. Some other clusters included cells only from Oh and 12h APF.
These clusters may represent cells from other parts of the brain captured due to differences in

tissue dissections at different pupal stages, or represent transient progenitor populations.

Cell type-specific transcriptional profiles

The average transcriptional profiles were computed for each cluster at given time point in given
sample/replicate (e.g. Mi1 in DGRP, 24h APF, replicate A, see Figure 2D). Averaging was
performed in non-log space for the original normalized expression values (i.e. uncorrected
expression matrix). The downstream analyses of cell type-specific profiles were focused on
DGRP samples (i.e. analyses of pan-neuronally coordinated and highly variable genes). In
particular, we focused on 88 neuronal and 6 glial clusters that could be followed at every time
point from 24h to 96h APF (minimum 10 cells in one of the replicates). Expression values for two
DGRP replicates were further averaged to obtain summarized cell type-specific transcriptional
profiles. For visualizations of cell type-specific expression patterns we used log1p-transformed

expression values. In heatmaps, we capped the maximum expression values to 20.
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Pan-neuronally coordinated genes

The analysis was based on 88 neuronal and 6 glial cell types in DGRP samples from 24h to 96h
APF (see above). First, we defined neuron-specific genes by comparing average expression in
neurons and glia (fold-change > 8). For each gene, enrichment was estimated at a time point in
which it was expressed in the largest number of neurons, or (in case of ties) with highest average
expression. Next, we computed the average correlation between expression patterns of neuron-
specific genes across different neurons. Pearson’s correlation coefficients were averaged using
Fisher’'s Z transformation (Corey, Dunlap and Burke, 2010). Genes expressed in at least half of
the neurons (n > 44) and with average Pearson’s correlation coefficient higher than 0.75 were
defined as pan-neuronally coordinated genes. The expression levels at earlier time points (for cell

types that could be followed in the early dataset) were used only for visualizations.

Highly variable genes

The analysis was focused on 8 neuronal cell types from 24h to 96h APF (Figure 3.5). We
determined genes with highly variable expression patterns across these cell types. Coefficients
of variation (CV) were calculated for all genes that were expressed in any of these cell types
(min.expression 1). For each gene, CV was calculated at a time point in which it was expressed
in the largest number of neurons, or (in case of ties) with highest average expression. To take
into account the relationship between variability and average expression, CV values were
grouped into 10 bins based on similarity of mean expression and transformed into Z-scores within
each of these bins (scaled CV). We used a cut-off of 1.5 for scaled CV values to define the set of

top highly variable genes.
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Functional categories of genes

We defined several functional categories of genes. Some genes could be classified into more
than one category. Thus, classification was performed sequentially, and every gene was assigned
to only one category (e.g. gene classified as “ion channel” cannot be classified as “synaptic genes”,
see below). Gene classifications were based on gene groups (GG) and gene ontology (GO)
annotations obtained from FlyBase (release 6.29). Annotations for cell adhesion molecules were
obtained from FlyXCDB (http://prodata.swmed.edu/FIlyXCDB, Pei et al. 2018). Functional
categories were defined in following order: (1) ribosomal proteins (from GG); (2) transcription
factors (from GG); (3) RNA binding proteins (from GO, term G0O:0003723; excluding ribosomal
proteins (GG), translation factors (GG) and tRNA genes (GG)); (4) non-coding RNA genes (based
on gene annotations); (5) cell adhesion molecules (from FIlyXCDB, protein domains: Ig, EGF, LRR,

fn3, Cadherin); (6) receptor and ligands (from GG, groups: “transmembrane receptors”, “receptor

ligands”). (7) ion channels (from GG); (8) synaptic genes (from GO, GO:0007268).
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3.4 Results

3.4.1 Profiling of Different Stages of Neuronal Development in Parallel in a Single

Experiment

In this study, we generated gene expression maps of postmitotic neurons in the fly visual
system throughout pupal development (100 h) using high-throughput scRNA-seq (Zheng et al.,
2017). During this time, neurons complete axon guidance, elaborate distinct axonal and dendritic
morphologies, select appropriate synaptic partners, form synapses, and acquire distinct
biophysical properties.

Two different experimental designs were used. First, we profiled optic lobes at 24, 48, 72,
and 96 h after puparium formation (APF) (Figures 3.1A and 3.S1). Each time point was profiled
as a separate experiment, and for the 48h time point, we profiled two independent samples. We
refer to this dataset as W1118 based on the strain used for these experiments. This provided a
high-resolution dataset for unsupervised identification of cell types at different stages of
development. The largest number of cells (51,000) was profiled at 48 h APF, when the
transcriptional differences between neuronal cell types were maximal (Li et al., 2017).

A second set of experiments was undertaken to follow changes in gene expression at 12-
h intervals to more precisely define the developmental trajectory of each cell type (Figures 3.1B
and 3.81). We developed a strategy to profile neurons from multiple time points in a single
experiment. This strategy exploits natural genetic variation in wild-type strains from the Drosophila
Genetic Reference Panel (DGRP) to mark cells isolated at different developmental stages
(Huang et al., 2014; Kang et al., 2017; Mackay et al., 2012). Males from individual DGRP strains
were crossed to females from a common reference strain(W1118) to reduce differences in genetic
background (Fear et al., 2016). Pupae from the resulting progeny were collected every 12 h from
0 to 96 h APF. For every time point, we staged three individual animals, each tagged by a unique

wild-type genotype. Optic lobes for all time points were dissected, pooled, and processed as a
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single sample from tissue dissociation to sequencing. The resulting single-cell transcriptomes for
each time point and individual animals were separated based on SNPs (single-nucleotide
polymorphisms) captured in mRNA sequences and matched with the genotypes of parental
strains (Figure 3.1C). In this way, we profiled cells at nine stages of development with three
biological replicates for each time point (total 27 samples) in a single experiment. We performed
two rounds of this experiment with reshuffled wild-type parental genotypes (Figures 3.1B and
3.81).

Profiling pools of cells together from all time points in a single experiment has several
advantages. First, it is highly efficient and cost effective. The entire experiment, from genetic
crosses to single-cell capture, took 2 weeks. Second, it largely eliminates batch effects. An
inherent limitation in the conventional design of scRNA-seq is the technical variation (batch effects)
be-tween different samples (Figure 3.82). In droplet-based scRNA-seq. for instance, mRNA
released from tissue dissociation prior to cell capture is a source of contaminants confounding
comparison between samples. In the conventional design, for instance, a contaminant (e.g., a
transcript expressed at high levels at a specific time in a subset of cells) may appear as
ubiquitously upregulated at this time in all neurons. In the pooled design, however, background
contaminants that change with time are distributed among all cells and times and thus are not
erroneously attributed to biological differences. Similarly, in pooled samples, other sources of
technical variability of unknown etiology arising in the conventional design are eliminated. Finally,
genetic multiplexing enables identification of cell doublets, further improving the quality of
datasets and reducing cost through maximizing single-cell capture rates in scRNA-seq platforms
(Kang et al., 2018).

In summary, we generated a comprehensive dataset of gene expression in visual system
neurons covering every 12h of pupal development. After quality control, the dataset comprises
208,976 single-cell transcriptomes with a median of 1,650 genes and 5,148 transcripts detected

per cell (minimum 2,000 transcripts). Each of the W1118 and DGRP approaches represented
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approximately half of the dataset. The complete experimental design and distribution of cells

across time points are shown in Figure 3.51.
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Figure 3.1. Transcriptional Profiling of Multiple Stages of Neuronal Development in a Single
Experiment.

Schematics of experimental designs. (A) Conventional design (W1118 dataset). Four stages of
pupal development were profiled in separate experiments. (B) Pooled design (Drosophila Genetic
Reference Panel [DGRP] dataset). Nine stages of pupal development were pooled and profiled
in the same experiment. Cells from each time point were tagged using three unique wild-type
strains from the DGRP. Wild-type strains were reshuffled between time points in two independent
replicates. (C) Single-cell transcriptomes for each time point were separated based on SNPs
(single-nucleotide polymorphisms) captured in mRNA molecules and matching with unique
genotypes of pupae. In the conventional design, biological differences between time points cannot
be separated from technical variation between different samples. In the pooled design, differences
between time points are independent of technical variation between samples. This minimizes the
confound of batch effects on constructing an accurate time series of gene expression between
time points (see effects on background contributed by ambient RNA in Figure 3.S2). See also
Figure 3.S1 for details on experimental design and workflow of the analysis.
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3.4.2. A transcriptional atlas of the developing Drosophila visual system

Transcriptional differences between time points for a single neuronal cell type can be
comparable to the differences between cell types (Li et al., 2017; Sarin et al., 2018). Therefore,
to follow individual cell types over time, we first integrated single-cell datasets across different
stages of development. Both W1118 and DGRP samples were analyzed together to achieve
maximal resolution in cell type diversity and to generate a unified atlas of transcriptional cell types.
Samples from 0 and 12 h APF differed substantially from other time points both in tissue
composition and coverage and were analyzed separately (the early dataset). The main analysis
was focused on samples from 24 to 96 h APF (the main dataset).

The integrative analysis of the main dataset was performed using CCA (canonical
correlation analysis)- and MNN (mutual nearest neighbors)-based workflow implemented in
Seurat 3 (Stuart et al., 2019). The integration was performed on the levels of individual time points
and replicates. An integrated dataset was used for dimensionality reduction followed by a graph-
based clustering method that revealed 196 transcriptionally distinct cell populations (see Methods
for details). The results of dataset integration and clustering analysis were visualized using t-
distributed stochastic neighbor embedding (tSNE) plots (Figures 3.2 and 3.S3). Importantly, the
integrative analysis was used strictly for joint clustering of cell types across different samples (i.e.,
time points and replicates). Once we identified clusters, however, we returned to the original (pre-
integration) normalized gene expression values for each time point and sample (Figure 3.2D)

Most of the clusters were detectable in all samples and comprise a comparable fraction
of cells across different time points, while some were distributed less evenly (Figure 3.83). The
variation in cluster proportions could be due to technical reasons (e.g., sampling variation or
differences in tissue dissections) or biological differences in cell composition at different stages.
Unsupervised analysis grouped clusters into four major classes (Figure 3.S4), which were

annotated based on expression of known marker genes (see STAR Methods for details): 162
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clusters of neurons (elav+), 3 clusters of photoreceptor cells (chp+), 19 clusters of glia (repo+),
and 11 clusters of non-neuronal cells of unknown origin (elav-/repo-).

Next, we matched neuronal clusters to previously identified cell types. As a reference, we
used two recent datasets from bulk sequencing of several dozen morphologically distinct cell
types in the adult (Davie et al., 2018; Davis et al., 2020). We identified a set of cluster-specific
marker genes and used them for correlation analysis (Figures 3.S5A and 3.S5B). In addition, we
used expression patterns of TFs to manually curate matched clusters (Figure 3.S5C). Most of the
reference cell types had a one to-one match with a single cluster. In a few cases, a reference
dataset had a high correlation with multiple clusters representing further heterogeneity. For
example, T4/T5 neurons matched eight clusters with similar correlation values. Expression of
previously identified marker genes allowed us to match these clusters to the eight known
morphological subtypes of T4/T5 neurons (Kurmangaliyev et al., 2019). Moreover, we identified
new transcriptional subtypes (e.g., two Dm3 and two Tm9 neurons; see below). Overall, cell-type-
specific expression profiles of known morphological cell types were in good agreement with
previously validated marker genes (e.g., refs.(Cosmanescu et al., 2018; Tan et al., 2015)). For
example, the TF bsh has been shown to be expressed in three cell types (Hasegawa et al., 2013),
and it was detected only in the corresponding clusters (Figure 3.S5C). The transcriptional
similarities between clusters were also consistent with known anatomical and functional
relationships between cell types (Figure 3.S6). In total, we were able to match identities of 58
neuronal clusters to known morphological cell types (Figure 3.2A).

The optic lobe neuropils consist of repeated columns with stereotyped cell-type
composition and connectivity (S.-Y. Takemura et al., 2015). Many cell types are presentin a single
copy in each column (unicolumnar neurons). In agreement with this, all matched unicolumnar
neurons were among the largest 40-50 transcriptional clusters in our data, and each represented
on average 0.7%—1.7% of the cells in each sample. We estimate that these 40-50 largest clusters

represent cell types with roughly one copy per column (Figure 3.2B).
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In parallel to the main atlas, we performed similar integrative analysis for early time points
(i.e., 0 and 12 h APF; Figure 3.S7). These samples were integrated together with samples from
24 h APF to generate a separate atlas covering the first day of pupal development (from 0 to 24
h APF). Since cells from 24 h APF were present in both parts of the atlas, we were able to match
clusters between the two datasets. The differences between cell types were less prominent at
earlier stages, and fewer cells were profiled. As a result, many related cell types were not resolved
into separate clusters. For example, Tm1, Tm2, and Tm4 neurons and one unidentified cluster
(N19) grouped together, suggesting a close developmental relationship between these cell types.

Transcriptional heterogeneity can reflect neuronal diversity beyond morphological cell
types. For example, Dm8 neurons comprise two transcriptionally distinct subtypes with the same
morphology but different synaptic specificities (Courgeon & Desplan, 2019; Menon et al., 2019).
We found new subtypes for Dm3, Tm9, and T4 neurons. Tm9 neurons, for instance, formed two
clusters defined by mutually exclusive expression of Wnt4 and Wnt10 genes. Wnt10 expression
in vivo was restricted to dorsal Tm9 neurons (Figure 3.3A). We conclude that identified clusters
represent ventral (Wnt4+) and dorsal (Wnt10+) subtypes of Tm9 neurons. We also noticed a
stable subpopulation of T4 neurons expressing an uncharacterized gene (CG15537) throughout
development that was enriched in T4 a/b subtypes. This group of cells did not form a separate
cluster at the resolution of the analysis. The expression of CG15537, however, was restricted to
T4 neurons targeting the dorsal third of the medulla and lobula plate layers a/b (Figure 3.3B).
The product of CG15537 is predicted to be a cell surface protein with a hormone binding domain.
Among the other genes specific to the same subpopulation of T4 neurons are a neuropeptide
receptor (TrissinR) and Tbh, a key component of the octopamine biosynthesis pathway. We
hypothesize that these neurons are a regional T4 subtype with distinct neuromodulatory
characteristics. In this way, we found and validated two cases of transcriptionally defined regional

subtypes of neurons with unique spatial distributions. The discovery of new subtypes, even for
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such well-studied cell types as T4/T5 neurons, underscores the power of single-cell sequencing
to reveal subtle aspects of cellular diversity.

Taken together, we generated a comprehensive transcriptional atlas of the developing
Drosophila visual system. This atlas covers more than 150 transcriptionally distinct neuronal
populations, including most of the known abundant cell types. The one to-one correspondence
between transcriptional clusters and known morphological cell types, the expression of known
markers, and the match with the expected proportions of cells indicate that this is a highly reliable
resource for following individual cell types at multiple stages of development (Figure 3.2C). We
tracked 88 neuronal cell types every 12 h of pupal development from 24 to 96 h APF (minimum
of 10 cells in either DGRP replicate). This largely encompasses developmental times preceding
synapse formation through the formation of the mature connectome. We also tracked 22 of these
cell types in the early dataset (both at 0 and 12 h APF) covering all 100 h of pupal development.
The cell-type-specific gene expression profiles were highly reproducible across replicates (Figure
3.2D). For an additional transcriptional analysis of the developing Drosophila visual system, see

the contemporaneous study from the Desplan lab (Ozel et al., 2020).
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Figure 3.2. A Transcriptional Atlas of the Developing Drosophila Visual System (A) tSNE
plot of the main dataset. This includes samples from 24 to 96 h APF (DGRP and W1118). All
samples were integrated and clustered together. Distinct transcriptional clusters are color coded
and labeled by identities of clusters (i.e., names of neurons for known morphological cell types).
(B) The proportion of each neuronal cluster relative to the total number of neurons (median across
all samples). Vertical bars correspond to the neuronal clusters ordered by average proportion
(selected clusters of known morphological cell types are highlighted). All of the identified
unicolumnar neurons were among the largest 50 clusters.
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Figure 3.3. Regional Specialization of Neurons (A and B) Transcriptionally distinct variants of
Tm9 (A) and T4/T5 (B) neurons. The arrangement of cell types in the optic lobe and tSNE plots
with expression patterns of marker genes for newly identified subtypes are shown on the left in
each panel. All Tm9 (A) and T4/T5 (B) neurons are labeled in magenta. Expression patterns of
marker genes in adult are shown in green. (A) There are two transcriptionally distinct populations
of Tm9 neurons. They are defined by mutually exclusive expression of Wnt10 and Wnt4 (not
shown) genes. Wnt10 is restricted to Tm9 neurons targeting the dorsal half of the lobula. The
middle row shows the cropped lobula 1 layer (Lo1). (B) A subpopulation of T4 neurons is defined
by expression of CG15537 restricted to T4 neurons targeting the dorsal third of the medulla and
lobula plate layers a/b. The middle row shows the cropped medulla 10 layer (M10). Scale bar, 20
mm
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3.4.3. Common and Cell-type-Specific Components of Neuronal Genetic Programs A

Common (Pan-neuronal) Program of Neuronal Development

All neurons share similar properties (e.g., synaptic transmission and membrane
excitability). We sought to assess whether there was a common neuronal differentiation pathway
giving rise to these features or whether they emerge in different ways in different neurons.

To do so, we followed 88 neuronal and 6 glial cell types from 24 to 96 h APF (see STAR
Methods for details). First, we defined neuron-specific genes that were highly enriched in neurons
compared to glia. Genes known to be involved in neuronal development and function were
enriched among neuron-specific genes (Figure 3.4A).

Neuron-specific genes showed a wide range of temporal dynamics during development.
We calculated Pearson’s correlation coefficients between expression patterns of each gene
across different cell types and averaged them using Fisher’s Z transformation (Corey et al., 1998).
Many neuron-specific genes were expressed in a highly coordinated fashion across different cell
types. We hypothesize that they are part of a common genetic program unfolding in all neurons
in parallel (a “pan-neuronal program”). Pan-neuronal genes were defined using the following
criteria: (1) a gene was detected in at least half the neuronal cell types, and (2) the average
Pearson’s correlation coefficient was >0.75 (see STAR Methods for details). In total, 200 genes
met these criteria (Figure 3.4A). Expression patterns of these genes are shown in Figures 4, S8,
and S9. The list of reported genes represents a subset of the top pan-neuronally genes with
different levels of coordination. For instance, increasing the requirement for number of cell types
in which gene was detected to 80% results in a slightly more conservative list of the genes (182
of 200 reported genes still pass this criterion).

The core components of synapses and membrane excitability were among the most tightly
coordinated groups of genes (Figures 3.4, 3.S8, and 3.89; Harris and Littleton, 2015). These

include components of the synaptic release machinery (e.g., Snap25 and nSyb), the presynaptic
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active zone (e.g., Brp and Rbp), and many ion channels (e.g., Cac and Para). Some of the
neurotransmitter receptor subunits were also expressed in a highly coordinated fashion in most
neurons (e.g., nNAChRbeta1 and Rdl), and others were cell-type specific, with diverse temporal
dynamics (e.g., NAChRalpha7). A number of genes implicated in synaptic function in more specific
contexts were also regulated in a pan-neuronal fashion (e.g., Drep2; Andlauer et al., 2014). These
included cell adhesion molecules (CAMs) that could contribute to synaptic adhesion complexes
(Nrx-1, Hasp, and Lrp4; Li et al., 2007, Nakayama et al., 2016, Mosca et al., 2017). Other cell
recognition molecules that contribute to connectivity in many contexts (e.g., Dscam1 and CadN)
were also expressed pan-neuronally but were not specific to neurons or did not change
appreciably during development. Other genes with similar expression patterns may represent
uncharacterized constitutive components of synapses.

Most of the genes encoding presynaptic proteins were gradu-ally upregulated during mid-
pupal stages (36—48 h APF) andpeaked60 h APF. The timing and synchrony of this expression
parallels the synchronous onset of patterned stimulus-indepen-dent neuronal activity (PSINA) in
all neurons at48 h APF (Akinet al., 2019). The gene encoding the gap junction protein ShakB is
expressed pan-neuronally and peaks at mid-pupal stages (36-60 h APF). This would be
consistent with a role for gap junctions at early stages of PSINA; indeed, attenuating ShakB
activity de-presses PSINA throughout the developing visual system (B. Ba-jar, S.L.Z., and O. Akin,
unpublished data). Many other pan-neuronal genes were expressed transiently at particular
stages of development. These patterns may pinpoint undescribed discrete steps in neuronal
differentiation in all neurons (Figures 3.4,S8, and 3.S9).

The synchrony of pan-neuronal genes suggests a common regulatory mechanism
underlying their developmental timing. Several TFs exhibited temporally specific and pan-
neuronally coordinated expression patterns (Figures 3.4, 3.88, and 3.S9). Among these, Blimp-
1 and Hr3 are controlled by EcR as part of the ecdysone regulated transcriptional cascade. Other

genes in this cascade were also expressed in a tightly coordinated fashion in all neuron types,
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but they were not specific to neurons (data not shown). Another steroid hormone receptor, Hr38,
was also expressed largely in a pan-neuronal fashion and was restricted to the second half of
pupal development. Hr38 is an activity regulated immediate early gene (Chen et al., 2016). It has
also been shown to be indirectly activated by ecdysteroids, but independently of the EcR pathway
(Baker et al., 2003). Other genes expressed in a pan-neuronal fashion also suggest a role for
intercellular signaling in regulating the pan-neuronal program. These include two G-protein
coupled receptors: DopECR, a receptor for both ecdysone and dopamine (Srivastava et al., 2005),
and SIFaR, a receptor for the conserved neuropeptide SIFamide (Jgrgensen et al., 2006).

Pan-neuronal genes can also be regulated at post-transcriptional levels. A number of
RNA-binding proteins (RBPs) and long non-coding RNA (IncRNA) genes were pan-neuronally
coordinated (Figures 3.4, 3.S8, and 3.S9). For instance, Elav has been shown to function in
neuron-specific splicing and lengthening of 30 untranslated regions (30 UTRs) of transcripts
(Lisbin et al., 2001; Hilgers et al., 2012). Changes in 3’ UTR length have been implicated in the
regulation of RNA localization and translation, two prominent features of gene regulation in
neurons (Tian and Manley, 2017). Two other Elav paralogs, Fne and Rbp9, implicated in synaptic
growth at the larval neuromuscular junction (Zaharieva et al., 2015), are also expressed pan-
neuronally, peaking at mid-pupal stages. RBPs involved in translational regulation, such as Bol,
are also expressed panneuronally. Bol is an inhibitor of axon pruning in the mushroom body
(Hoopfer et al., 2008) but may act more broadly to modulate expression of a core set of neuronal
genes.

Taken together, these data suggest that the expression of pan-neuronal genes may be
regulated at both the transcriptional and post-transcriptional levels and may, in addition, be

coordinated by intercellular signaling.
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Figure 3.4. A Common (Pan-neuronal) Program of Neuronal Development

(A) Distribution of genes in different categories expressed in neurons (left), enriched in neurons
compared to glia (neuron-specific) (middle), and coordinated in a pan-neuronal fashion (right).
Functional categories are color coded, including transcriptions factors (TFs), RNA-binding
proteins (RBPs), non-coding RNA(ncRNA), cell adhesion molecules (CAMs), receptors and
ligands (RECs), ion channels (ICs), synaptic proteins (SYNs), and ribosomal genes (RP).(B-D)
Expression patterns of selected pan-neuronally coordinated genes for 88 neurons (solid) and 6
glial (dashed) cell types from 24 to 96 h APF. For a subset of cell types, the expression is also
shown at 0 and 12h APF (i.e., clusters from the early dataset). Colors indicate functional
categories of genes as in (A). Plots Shown in log-scaled normalized expression levels. (B)
Synaptic proteins and ICs. (C) Transcription factors (TFs) and RNA-binding proteins (RBPs). (D)
Receptors And CAMs.(E) For comparison, examples of broadly expressed genes with cell-type-
specific expression patterns that are not coordinated are shown. Expression Patterns of all 200

pan-neuronally coordinated genes ordered by average correlation values are shown in Figures
3.S8 and 3.S9
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3.4.4. Cell-type-Specific Programs of Neuronal Development

Neurons exhibit great diversity in their terminal morphologies, connectivity patterns, and
physiological properties. We sought to characterize differences in transcriptomes that could
underlie the development of these cell-type-specific features of neurons.

To explore these differences, we focused on eight cell types representing different
morphological and functional classes of neurons (Figure 3.5A). Some of them represent pairs of
anatomically related neurons with different connectivity patterns (e.g., C2/C3 and Tm1/Tm2). We
defined a set of 362 highly variable genes that were differentially expressed among these cell
types (see STAR Methods for details). They represented 12% of all expressed genes. Three
classes, TFs, CAMs, and receptors with ligands, accounted for 41% of highly variable genes
(Figure 3.5B). TFs and CAMs were previously shown to be primary drivers of transcriptional
diversity of neurons in different parts of the nervous system, both during development and in
adults (Li et al., 2017a; Allen et al., 2020).

The expression patterns of TFs and CAMs were qualitatively different (Figures 3.5C and
3.5D). Most TFs were expressed in a binary fashion across cell types (i.e., on/off manner) and
were expressed throughout development. Closely related cell types often expressed similar
combinations of TFs (e.g., C2/C3 cells). Each neuron expresses discrete combinations of TFs
that define their cell type. CAMs were more volatile in their expression patterns (Figure 3.5D).
Many were expressed transiently during development, and their specificity could be switched
between cell types at different time points. Moreover, quantitative differences in expression levels
between neurons or in the same neuron at different developmental times were common. For
example, dpr17 was expressed at higher levels but with different temporal patterns by Tm1 (36—
48 h APF) and C3 cells (48-96 h APF) and at lower levels and with similar temporal patterns by
Tm2 and Mi4 cells (72—84 h APF). Thus, neurons express repertoires of CAMs with continuous

variation in their expression levels. These diverse and rapidly changing cell recognition
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landscapes mirror the changes in morphology and patterns of synaptic connections elaborated
by different neurons.

Genes encoding neurotransmitter-specific functions exhibited interesting temporal
patterns of expression. For example, the vesicular acetylcholine transporter (VAChT) is
expressed exclusively by cholinergic neurons. However, the temporal dynamics and expression
levels of VAChT are tightly coordinated between different types of cholinergic neurons (Figure
3.5G). Thus, the choice of neurotransmitter is strictly cell-type specific, but the temporal patterns
of expression are shared between different cell types. Neurons also expressed genes involved in
neuronal circuit functions in cell-type specific ways. These included genes encoding
neurotransmitter biosynthetic enzymes, transporters, receptors, and ion channel subunits (Figure
3.5E). These genes can define functional diversity of neurons in adult circuits. For example,
different combinations of neurotransmitter receptor subunits could result in distinct properties of
synaptic connections. Interestingly, some of the genes that control synaptic communication and
membrane excitability in the adult were also expressed during development. They may regulate
intercellular communication underlying circuit assembly, most notably during the second half of
pupal development in which each neuron type exhibits unique patterns of neuronal activity (i.e.,
PSINA).

Neuronal diversity is further shaped by differential expression of genes involved in post-
transcriptional and post-translational mechanisms of gene regulation. We identified a number of
cell-type specific RBPs and IncRNAs (Figure 3.5F). These genes could contribute to cell identity
at post-transcriptional levels. For example, expression of the cell-type-specific RBP muscleblind
(Mbl) regulates alternative splicing of pan-neuronally expressed Dscam2 to generate isoforms
with different recognition specificities (Li and Millard, 2019). We also identified several genes
involved in post-translational modification of proteins, including glycosylation and proteolytic

enzymes, which are expressed in a cell-type-specific fashion (Figure 3.5F).
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In summary, genetic programs of neuronal development comprise a common program of
neuronal maturation regulating synapse formation and membrane excitability properties, overlaid
by cell-type-specific programs encoding dramatically changing repertoires of cell surface proteins.
These proteins regulate interactions between different neuron types controlling the assembly and

specificity of connections between neurons.
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Figure 3.5. Cell-type-Specific Programs of Neuronal Development (A) Morphologies of eight
neuronal cell types in the medulla (adapted from Fischbach and Dittrich, 1989). Arrows indicate
direction of further extension of axons away from the cell body. (B) Distribution of functional
categories of 362 highly variable genes (HVGs; see STAR Methods) expressed in any one of
these eight cell types. Functional categories are color coded as in Figure 3.4. (C—F) Heatmaps
with expression patterns of selected HVGs from the indicated functional categories. Expression
patterns of other HVGs are shown in Figure 3.S10. (G) Examples of temporal patterns of cell-
type-specific genes. dpr17 is expressed with different dynamics and expression levels in different
cell types. VACHT is also expressed in cell-type-specific fashion, but temporal patterns and
expression levels are coordinated across cell types. Expression patterns from seven time points
at 12-h intervals between 24 and 96 h APF are shown. Values are shown in log-scaled normalized
expression levels.
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3.4.5. Approaching Synaptic Specificity through Transcriptomics of Synaptic Partners
Each neuron type in the fly visual system has a unique set of synaptic inputs and outputs and

each of the different neuron types profiled expresses cell recognition proteins with different
combinations, levels, and temporal profiles. This transcriptional atlas, in combination with the
connectome, provides a resource to explore synaptic specificity mechanisms by combining it with
developmental, biochemical, and genetic studies (Figure 3.S11).Here, as an example of how this
approach may be applied, we consider a simpler part of the connectome in the lamina and use a
retrospective analysis to correlate expression data with previously described biochemical and
genetic studies (Figure 3.6).

During early pupal development, L4 neurons extend dendrites that contact L1 and L2
axons. Later in pupal development, L4 Selectively forms synapses with L2 (Rivera-Alba et al.,
2011). Previous genetic studies have shown that three different families of cell recognition
molecules of the immunoglobulin superfamily regulate this process. Dscam2 and Dscam4 are
required for targeting of L4 dendrites to a bundled pair of L1 and L2 axons (Tadros et al., 2016).
Kirre, a synaptic adhesion protein, is required for synapses between L4 and L2 (Lithy et al., 2014),
and DIP-B promotes L2 specificity (Xu et al., 2019). Previous biochemical studies have reported
the binding specificities of Dscam2 and Dscam4 (Millard et al., 2007; Ozkan et al., 2013), the
affinities of different Dprs for binding to DIP- B (Cosmanescu et al.,2018), and the interaction of
Kirre with its ligands (Ozkan et al., 2013).

The temporal expression patterns of these genes in L4 are predictive of their function
(Figures 3.6A-C). Dscam2 and Dscam4 are expressed during targeting (see Figure 3.811). As
their levels decrease, there is a concomitant increase in the expression of Kirre and DIP-B just
prior to the onset of synaptogenesis (Figures 3.6A and 3.6B). As the Kirre ligands (Kirre itself,
Rst, and Hbs) (Ozkan et al., 2013) are expressed in a similar way in L1 and L2, it is unlikely that
Kirre alone determines specificity (Figure 3.6A). By contrast, the expression patterns of DIP-$

ligands (i.e., Dprs) and their affinities (Cosmanescu et al., 2018), however, would favor

96



interactions between L4 and L2, consistent with the decrease in the fidelity of synaptic specificity
seen in DIP-B mutants (Xu et al., 2019) (Figures 3.6B and 3.6C). As both the Kirre and DIP-$
synaptic phenotypes are partial, other recognition) molecules must act in a redundant fashion
during synapse for-mation (Lithy et al., 2014; Xu et al., 2019). We sought to address whether the
atlas provides candidates for these redundant functions. Our dataset is a rich resource for doing
so, allowing us to follow the expression of cell surface proteins expressed by these neurons during
synapse formation, of course, in an analogous way for many other synaptic partners in the visual
system (Figure 3.S11). At the onset of synapse formation, eight pairs of recognition proteins (both
heterophilic and homophilic) are expressed in both the synaptic partner L2/L4 pair and in the
L1/L4 pair, which do not form synapses (Figure 3.6D). Several of these proteins are associated
with synapse formation in flies and mice (e.g., N-cadherin; Schwabe et al.,2014), the L1 family
protein Nrg (Ango et al., 2004;Tai et al.,2019), and the mammalian Igsf9b ortholog turtle (Woo et
al.,2013), and these may act in a redundant way with Kirre to regulate synapse formation. As
different Beat/Side protein family pairs (Siebert et al., 2009; Ozkan et al., 2013;Li et al., 2017b)
are differentially expressed in L1 and L2, they may work in parallel to DIP/Dpr interactions to
determine specificity. These inter-actions may promote synapses between L2/L4, inhibit
inappropriate L1/L4 synapses, or both. These data support the idea that multiple protein pairs on
opposing membranes may contribute to synapse formation between these neurons, and it is the
differences in the cell-type-specific expression of highly diversified protein families (i.e., DIPs/Dprs
and Beats/Sides) that bias the specificity of synapse formation toward L2 (Xu et al., 2019).

We have observed a similar level of complexity in the potential interactions between cell
surface proteins expressed by other neurons. For example, there are over a hundred neuron
types that extend axons and dendrites into the medulla neuropil and they must discriminate
between one another to select appropriate synaptic partners. Each neuron expresses many
dozens of cell recognition molecules in a cell-type-specific and tempo-rally dynamic fashion

(Figure 3.811). These findings provide a molecular correlate for the modest phenotypes seen in
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many wiring mutants, alluding to marked redundancy. It raises the possibility that specificity may
largely reflect biases in connectivity rather than all or none selectivity. That is, neurons may select
synaptic partners not by a mechanism demanding an “exact match” between cell surface
molecules but rather by selecting the “best match” among potential partners. This may confer
robustness to the establishment of a complex stereotyped connectome. Unravelling the precise
mechanisms by which this complexity in cellular recognition landscapes translates into highly
specific patterns of synaptic connectivity will rely on future studies incorporating biochemical,

genetic, and computational analyses.
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Figure 3.6. Cell Surface Interactions betweenlL4 and L1 or L4 and L2 (A) Expression patterns
of kirre, rst, andhbs.(B) Expression patterns of DIP-band its Dpr binding partners from scRNA-
seq data in this paper. Different Dpr proteins bind to DIP-b with different affinities, as shown in
red (Cosmanescu et al., 2018).(C) Protein interactions regulating synapses between L4 and L2
are summarized. Kirre is required for synapses, but its ligands are not differentially expressed
between L1 and L2. DIP-b biases syn-apses to L2. This may be the result of differential expression
of Dpr paralogs with different affinities between L1 and L2 (Xu et al., 2019). Interactions shown
are based on genes expressed at 48 h (i.e.,onset of synapse formation). (D) Many other cell
adhesion proteins of the immunoglobulin, leucine-rich repeat, and cadherin superfamilies are also
expressed inL1, L2, and L4 at 48 h. Based On Biochemical Studies (Ozkan et al., 2013), these
proteins may bind to each other on the surface of opposing membranes as indicated. Values are
shown in log-scaled normalized expression levels. For expression patterns of these proteins, see
Figure 3.S11. See text for further discussion.
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3.5. Concluding Remarks

Understanding how patterns of synaptic connections are determined during development
remains a central question in neural development. In this study, we followed the development of
88 different neuron types at many time points spanning synaptogenesis. In so doing, we
uncovered a pan-neuronal program running synchronously in all neurons regardless of cell type.
This program was enriched, in particular, for synaptic proteins and proteins regulating electrically
excitable membranes. The neuron-specific expression of pan-neuronal genes may be controlled
by a common gene regulatory program. Alternatively, each cell type may regulate expression of
these genes independently through a myriad of cell-type specific regulatory programs. The
coordinated expression of these genes in all neurons may be controlled by a separate timing
mechanism. Whatever the underlying mechanisms are for regulating this process in a similar way
in all neurons, we speculate that this program endows neurons with a broad potential to form
synapses.

By contrast to the pan-neuronal program of development, the expression of cell
recognition molecules is profoundly asynchronous and highly cell-type specific. This diversity
mirrors cell type-specific morphological changes of axons and dendrites in the target region and
the complexity and specificity of synaptic connectivity each neuron elaborates. These rapid
changes may be necessary to choreograph the specific interactions between the processes of
many different neuron types as they seek to discriminate between appropriate and inappropriate
synaptic partners and determine the number and distribution of synapses between them. Whether
the dynamic expression pattern we observe is largely cell autonomous in nature or whether it
reflects a dialog between neurons during circuit assembly is unknown. Many signaling pathway
components, including those regulated by neural activity, growth factors, neuropeptides, and
ecdysteroids, all of which can influence gene expression, are expressed in these neurons.

Traditionally, circuit assembly has been studied genetically one gene at a time. Molecules

to study were selected based upon their patterns of expression or phenotypes of mutants. In these
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approaches, investigators were largely ignorant of other recognition molecules expressed in these
neurons. Phenotypes in almost all cases were incomplete and often embarrassingly mild,
supporting a general consensus in the field that this reflects substantial redundancy, which is
advantageous for constructing a robust circuit but a bane to researchers. Transcriptome profiling
revealed that each neuron expresses a unique combination of a vast number of cell recognition
molecules, many of which have the potential to promote interactions between them. These
findings and many genetic studies underscore the confound of redundancy in studying the logic
and molecular mechanisms underlying specificity. In a broad sense we speculate that these
proteins act together through common mechanisms and variations on them to sculpt circuitry.
Uncovering the molecular logic of synaptic specificity will rely on combining transcriptomics with
detailed studies of specific synapses using an increasingly sophisticated tool kit of genetic,
biochemical, physiological, and imaging approaches.

The development of high-throughput single-cell technologies has led to an exponential
increase in transcriptional studies in many different systems (Zheng et al., 2017). Profiling of
multiple experimental conditions with internal controls for technical variation in a single experiment
contributes to these advances (Kang et al., 2018). The pooled strategy, as we describe here, can
be easily adapted for a variety of experimental designs, including comparative studies in different
mutant backgrounds or in altered environments. In principle, similar approaches could be used in
many other systems, where the genotype information could be obtained in parallel to
transcriptional profiling. The rapid and economically feasible generation of temporally resolved
transcriptional datasets can be used to tackle a variety of longstanding questions in

developmental biology.

101



Conventional design Adult Pooled design Adult
i 4 (W1118) e il Pure (DGRP) T il
oh 24h 48h 72h 96h Oh 12h 24h 36h  48h  60h 72h 84h  96h
-_— L \ 4 & o>
N e T L A T w e w5 oo o1
] 1 11 [ [ 1 Qo : N . . e q 1
'8 1 W1118 | W1118 | | W1118 | | W1118 g | e “.5 ® !
2 ! [ o 1l e [ o ! S 1 oore_s0s 129 5 a !
o N7 N7 N____7 N____2 o ) ° | F 1
U 7/
e, ————————————— N
m - 1 DGRP_790 505 810 805
° ! \ @ | e [ o ° !
‘(-6 w ! DGRP_50¢ 382 748
g 1 W1.118 1 g ' D W. 8 348 |
8’ ! ! a DGRP_492 129 28 324 !
2 \____7 e ) !
N o e e o e e e e e e 4
L ) L )
c l Processing of each sample (dashed box) L
+ Optic lobes were dissected out at indicated time points (5-6 animals per « Optic lobes were dissected out at indicated time points (one animal per
genotype/sample) genotype/sample)
« Brain tissue was dissociated, and cells purified by FACS « Brain tissue was dissociated, and cells purified by FACS
« Single-cells from each sample were captured in 4 lanes of 10X Chromium V3 « Single-cells from each sample were captured in 8 lanes of 10X Chromium V3
« All W1118 libraries were sequenced in 2 lanes of lllumina NovaSeq 6000 S4 « All DGRP libraries were sequenced in 2 lanes of lllumina NovaSeq 6000 S4
D * Raw data processing ¢
« Fastq files from each 10X lane were processed using Cell Ranger « Fastq files from each 10X lane were processed using Cell Ranger

« Cells from different animals/genotypes were separated using demuxlet

Quality control of single-cells/

E
* Number of transcripts (UMI): 2,000 — 20,000
« Percentage of mitochondrial transcripts: < 10%
« Filtering out male contaminations (for W1118, based on roX1 and roX2 genes)
« Filtering out cell doublets (for DGRP, based on demuxlet results)
F Final dataset (numbers of cells) l
set rep Oh 12h 24h 36h 48h 60h 72h 84h 96h
A 18,998 19,078 19,403 13,237
w1118
B 32,035
DGRP A 3,665 3,704 6,631 9,562 7,901 5,032 5,175 3,438 3,871
B 3,802 4,078 6,753 | 10,431 | 8,434 6,903 5,494 5,802 5,551
G Integrative analysis
Early dataset: Oh — 24h APF(DGRP) Main dataset: 24h — 96h APF (W1118 + DGRP)

Figure 3.S1. The experimental design and workflow of the analysis. Top panels indicate
genotype combinations used for each time point and replicate.
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Figure 3.S2. Background contamination improved from pooled processing. (A-B) Cell free
(ambient) RNA contaminations in conventional (W1118), and pooled (DGRP) designs. In droplet-
based scRNA-Seq, cell-free mRNA molecules present in cell suspensions are a source of
contaminants confounding time course studies. For example, the main rhodopsin gene (ninaE) is
expressed exclusively by photoreceptors (R cells). It is highly abundant at later stages of
development, and, thus, contributes to background ambient RNA in a time-dependent manner.
As a consequence, in W1118 dataset, ninaE expression erroneously appears to increase in all
cell types during development. In DGRP dataset, the background levels of ninaE is still detectable
in single-cell transcriptomes, but the level does not correlate with time. (C) Gene expression
changes between 48h and 96h APF for Mi1 neurons. Log2-fold change values are shown
separately for DGRP replicate A (X-axis), DGRP replicate B (Y axis, right), and W1118 replicate
A samples (Y axis, left). Genes with statistically significant changes in either comparison are
shown in red. Detected changes were highly concordant between two DGRP replicates (right).
Some genes were significantly upregulated or downregulated exclusively in W1118 dataset.
Among those, genes abundantly expressed in adult photoreceptors (e.g. ninaE, Arr1, Arr2), and
a group of cuticular proteins of unknown origin specifically enriched in 48h samples (e.g. Vajk1,
Cpr66Cb and others). We assume that these genes represent time point-dependent
contaminations of single-cell transcriptomes.
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Figure 3.83. Data integration (A-B) tSNE plots for the main dataset (24-96h APF). Cells are
color coded by time points, as indicated. tSNE plots are shown separately, for DGRP (A) and
W1118 (B) datasets. (C) Proportion of cells in each cluster by datasets and time points. Cluster
labels are color coded and ordered by cell classes (as in Figure S4). For each maijor class, clusters
are ordered by sizes from the largest (left) to the smallest (right). (D) tSNE plots for Mi1 neurons
before and after dataset integration. Before integration cells form separate clusters for each time
points and sample (i.e. dataset/replicate). Dimensionality reduction before and after integration is

performed using same set of genes and parameters.
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Figure 3.54. Cell type class composition from dataset
(A) tSNE plots for the main dataset (24-96h APF). Cells are color-coded by major classes, as
indicated. (B) Heatmap with expression patterns of known and novel marker genes for cell classes.
Each column represents a single transcriptional cluster. Clusters are grouped by cell classes.
Expression levels are averaged across all samples and timepoints (from 24h to 96h APF). Values
are shown in log-scaled normalized expression levels, as indicated.
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A Correlation between single-cell clusters and reference bulk RNA-Seq datasets

b

T
B BE NS g I 88 3as Rz 23388 Y SR B B Rr B BRI R Ry 858288888 85883882 R
R e T S D D e e oo
1
T
I
T
I
2?§B§3§=BR=S§§S;ES$§S;& 2rEe ILEREYIBBHBRIVLLIRE IR I BRBBLBBBBRANNRRRRBY
2%2%z2222° 222227222 222222222227 ZZZZZZZ22z22Z22222222222222222222222222222

B 1

0.405060.708

2222227

log(expr+1) -
0 1

B8BIYLLIRGHBIBRBBCYBBBRAN LR
ZZZZZ zz; 22222222

2222

106



Figure 3.S5. (A-B) Heatmaps with correlation between reference bulk RNA-Seq datasets from
previous studies (rows) and single-cell transcriptional clusters from the data in this study
(columns). Comparisons are shown for datasets from Davis et al., 2020 (A) and Konstantinides
et al., 2018 (B). (C) Expression patterns of cluster-enriched TF were used for additional curation
of matches between clusters and cell types. For example, T4/T5 reference datasets matched with
eight transcriptional clusters with similar correlation values (bracketed by dashed lines). These
eight clusters correspond to known subtypes of T4/T5 identified genes (Kurmangaliyev et al.,
2019). Clusters that were matched with known cell types were renamed as indicated on X-axis of
(C). Values are shown in log-scaled normalized expression levels, as indicated.
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Figure 3.S6. Dendrogram of similarities between transcriptional clusters. Clusters are color
coded by cell classes, as in Figure 3.S4. Note that similarities were estimated for the integrated
dataset and represent the average similarity across entire dataset. The relationships between

clusters can vary across different time points.

108



A Identities of cells are transferred from the main dataset B A transcriptional atlas of the developing Drosophila visual system
(for 24h APF) (Oh — 24h APF)

Figure 3.S7. tSNE plot of the early dataset. The early dataset includes samples from Oh to 24h
APF (DGRP). All samples were integrated and clustered together. Cells from 24h samples were
also analyzed as a part of main dataset. Identities of these cells in the main dataset are color-
coded as in Figure 3.2A. Clusters with one-to-one match between the early and the main datasets
were named as in Figure 2B. Examples of clusters that could be followed between the early and
the main datasets (e.g. T2/T2a/T3), and examples of clusters that were unresolvable in the early
dataset (e.g. Tm1, Tm2, Tm4, and cluster N19) are encircled by the red dashed lines.
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Figure 3.S8. Expression patterns of pan-neuronally coordinated genes ordered by average
correlation. Second half is shown in Figure 3.S7. Transcription factors (TF); RNA-binding
proteins (RBP); non-coding RNA (ncRNA); cell adhesion molecules (CAM); receptors and ligands
(REC); ion channels (IC); synaptic proteins (SYN); ribosomal genes (RP). See legend of Figure
3.4 for details.
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Figure 3.S9. Expression patterns of pan-neuronally coordinated genes ordered by average
correlation. First half is shown in Figure 3.S6. Transcriptions factors (TF); RNA-binding proteins
(RBP); non-coding RNA (ncRNA); cell adhesion molecules (CAM); receptors and ligands (REC);
ion channels (IC); synaptic proteins(SYN); ribosomal genes (RP). See legend of Figure 3.4 for
details.
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Figure 3.S10. Expression patterns of highly variable genes. See legend of Figure 3,4 for
details.
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A Synaptic connections of 13 neurons in medulla C
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24h 36h 48h 60h 72h 84h 96h

Figure 3.S11. (A) Transcriptomes and connectomes of 13 neuronal cell types in medulla.
Connections are shown for synaptic partners with minimum 10 synapses (adapted from Takemura
et al., 2015). (BC) Expression patterns of Ig, LRR and Cadherin superfamily proteins expressed
in these cell types (min. Expression > 5). Several families of proteins are grouped together. Values
are shown in log-scaled normalized expression levels.
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CHAPTER FOUR

Brain wiring determinants uncovered by integrating connectomes and transcriptomes
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4.1 Abstract

How do developing neurons select their synaptic partners? To identify molecules matching
synaptic partners, we integrated the synapse-level connectome of neural circuits with the
developmental expression patterns and binding specificities of cell adhesion molecules (CAMs)
on pre- and postsynaptic neurons. We focused on parallel synaptic pathways in the Drosophila
visual system, in which closely related neurons choose between two alternative synaptic targets.
We show that the choice of synaptic partners correlates with the matching expression of receptor-
ligand pairs of Beat and Side proteins of the immunoglobulin superfamily (IgSF) CAMs. Genetic
analysis demonstrates that these proteins determine the choice between alternative synaptic
targets. Combining transcriptomes, connectomes, and protein interactome maps provides a

framework to uncover the molecular logic of synaptic connectivity.

4.2 Introduction

Advances in electron microscopy (EM) level connectomics have demonstrated the
extraordinary complexity and specificity of synaptic connectivity (Dorkenwald et al., 2021; Motta
et al., 2019; Scheffer et al., 2020; Scheffer & Meinertzhagen, 2019; Shinomiya et al., 2019, 2022;
Zheng et al., 2018). Developing neurons encounter the axons and dendrites of many different
neuron types and form synapses with only a subset of them. Considerable progress has been
made in understanding the molecular mechanisms by which neurons reach their target regions
(axon guidance (Kolodkin & Tessier-Lavigne, 2011)) and form synapses (synaptogenesis (Sudhof,
2021)). Here we focus on the less well-understood step of synaptic specificity, how neurons

choose their synaptic partners (Sanes & Zipursky, 2020).

Sperry proposed that molecular labels allow neurites to discriminate between one another
(Sperry, 1963). Identifying these labels and understanding how they work is key to uncovering

the molecular basis of brain wiring. Neurons express complex repertoires of many different cell
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surface molecules that mediate heterophilic and homophilic binding (Davie et al., 2018;
Kurmangaliyev et al., 2020; Li et al., 2017; Ozel et al., 2020; Shekhar et al., 2016). These
molecules contribute to synaptic specificity in different ways (Canzio & Maniatis, 2019; Duan et
al., 2018; Millard et al., 2010; Sanes & Zipursky, 2020; Shen & Bargmann, 2003; S. Xu et al.,
2018). Due to the extraordinary complexity of synaptic circuitry in the central nervous system, it
has been challenging to identify matching receptor-ligand pairs that specify the choice of synaptic

partners (Sudhof, 2017).
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4.3 Materials and Methods

Connectome analysis

T4/T5 connectomes (Shinomiya et al., 2019, 2022) were downloaded from the neuPrint database
(https://neuprint.janelia.org/, dataset: fib19:V1.0, (Clements et al., 2020)) using natverse (0.2.4)
package (Bates et al., 2020). Synaptic connectivity data (inputs and outputs) were downloaded
for 40 representative T4/T5 neurons from published data (Shinomiya et al., 2022) (five instances
of each T4/T5 subtype). For each representative neuron, we summed the total number of
synapses between a given instance of T4/T5 and all synaptic partners of the same cell type (e.g.
total number of synapses between a single T4a and any Mi1 neurons). This data was plotted as
a heatmap of synaptic weights between partner neuron types and individual instances of T4/T5
neurons (Figure 1B). Synaptic weights were averaged across all instances of each T4/T5 subtype
to generate a cell type-level connectome graph. The connectome graph was visualized using
Cytoscape (Shannon et al., 2003) and igraph (Csardi & Nepusz, 2006) (Figure 1A). Synaptic
partners were restricted to cell types that make more than 10 synapses with a single T4/T5 neuron.
Only connections with more than 7 synapses have been plotted. Presynaptic inputs were
restricted to connections in the medulla and lobula; postsynaptic outputs were restricted to
connections in the lobula plate. Reconstructions of representative LLPC2 and LLPC3 neurons in

Fig. 4D were visualized in neuPrint.

Transcriptome analysis

Analysis of the transcriptional atlas of the Drosophila visual system Single-cell analysis was
performed using Seurat (V4.1.1, (Butler et al., 2018)). All functions were used with default
parameters, unless otherwise indicated. In this study, we use single-cell RNA-Seq data from a
previously generated comprehensive transcriptional atlas of the developing visual system

(Kurmangaliyev et al., 2020). We focus on the main dataset including samples from seven
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developmental time points taken every 12 hours from 24 to 96h APF. In the initial version of the
visual system atlas (V1.0), 58 transcriptional clusters were matched to known morphological cell
types. Two of these clusters were annotated as LLPC1 and LPC1 neurons based on correlation
analysis with available bulk reference datasets (Davis et al., 2020). A more detailed evaluation of
these clusters revealed further heterogeneity in the LLPC1 cluster. We subsetted and reclustered
LLPC1 and LPC1 clusters separately from the rest of the dataset. This analysis was performed
after the integration of the main dataset as previously described (Kurmangaliyev et al., 2020).
After subsetting, a new set of 1000 highly variable genes was selected, scaled, and used for
principal component analysis (functions: FindVariableFeatures, ScaleData, RunPCA). The first
nine principal components were used for the generation of tSNE plots and clustering (functions:
RunTSNE, FindNeighbors, FindClusters, resolution = 0.1). The analysis revealed five
transcriptionally distinct clusters of LPC/LLPC neurons. Clusters were annotated based on the
expression of cell-type-specific marker genes (Figure 4.S2). Cell types of LPC/LLPC neurons
were renamed in the main dataset of the visual system atlas (V1.1).

Visualization of gene expression patterns: Expression patterns of genes were visualized using
average expression levels for each cell type and time point. Averaging was performed for each
replicate in non-log space for the original normalized expression values (TP10K, transcripts-per-
10,000). For the heatmaps, we used log1p-transformed expression values averaged across
replicates (capped at the maximum expression value of 20). For the line plots, we used expression
values in linear scale. The list of all IgSF proteins was obtained from FlyXCDB
(http://prodata.swmed.edu/FlyXCDB; (Pei et al., 2018)).

Hierarchical clustering of neuronal cell types: Clustering was performed for neuronal cell types
from one sample at 48h APF (W1118 sample, replicate B). This analysis was performed based
on the original normalized expression values (pre-integration). We selected 1000 highly variable
genes and computed average expression levels for each cell type (functions:

FindVariableFeatures, AverageExpression). Hierarchical clustering was performed based on
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Pearson’s correlation coefficients between log-transformed expression profiles of each cell type
(distance metric: 1 - Pearson’s r; clustering method: ward.D2) (Murtagh & Legendre, 2014).
Clustering results were visualized as a dendrogram (function: ape::plot.phylo) (Paradis & Schliep,
2018).

Differential gene expression analysis: We identified differentially expressed genes using
Wilcoxon rank-sum test (function: FindMarkers, min.pct = 0.35, pseudocount.use = 0.01,
max.cells.per.ident = 1000, fold-change > 2, adjusted p < 0.01). Marker genes common to all
LPC/LLPC neurons were identified by comparison of all LPC/LLPC clusters to all other neurons
in the atlas; cell-type-specific markers were identified by comparison of individual LPC/LLPC
clusters to other LPC/LLPC neurons. Marker genes were identified for all time points and
replicates together. Expression patterns of select markers are shown in Figure 4.S2. Differential
analysis of T4/T5 and LLPC neurons in Lop3 and Lop4 for Figure. 4.2 was performed at 48h APF
(pseudocount.use = 0.01, fold-change > 3, adjusted p < 0.01).

The analysis of connectome and transcriptome data was performed in R (4.1.0). Single-cell RNA-
Seq data used in this study and new cell type annotations for the visual system atlas (V1.1) are

available through NCBI GEO: GSE156455. The code used in this work is available on request.

Fly Genetics
Flies were kept on standard cornmeal medium at 25°C, 12-hour light/dark cycles. All RNAI
experiments were run with UAS-Dcr2.D. Detailed genotypes for all figures and supplementary

material are included in a separate spreadsheet (Table 4.S1)

Generation of null alleles using CRISPR For side-Il and beat-VI, two protospacer sequences
targeting the first coding exon were chosen to create a short deletion leading to a frameshift
mutation of the protein sequence. For side-IV, two protospacer sequences spanning the whole

gene were chosen to create a total 12.9kb deletion. High score protospacer sequence was chosen
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from UCSC Genome Browser crisprTarget table. Oligos were made from selected gRNA
sequence and inserted into pU6-2 vector (Ren et al., 2013). gRNA plasmid was injected into vas-
Cas9 line (BDSC 51323) via Bestgene Inc. Injected larvae were crossed with balancer lines and
F1 progeny was screened for mutation. A mutant allele line was established from this single F1

progeny. sgRNA sequences are listed. Detailed protocols are available upon request.

side-II[13] (side-II null) deleted sequence(44bp):

TCCGGCGGAGGCAGCAGCATGGGTCCTGGCGGAGGAGGATCCGG

side-IV[4-5] deleted sequence(12.9kb):
AACGCGTATTCGCACCCACACACAAGTGAAGTCGGCTCT..ccevveveeeenen.

GGAACTCTCCGGCACTCCGGTATTCCGGAATTCCGTTGCTCCGGTGGTC

beat-VI[4] (beat-VI null) deleted sequence(19bp): AAGGATACGGAGCCGGCCA

MARCM-STaR experiment MARCM-STaR labels cell morphology and presynaptic machinery
(Brp) in single homozygous null mutant neurons in otherwise heterozygous backgrounds (Chen
et al., 2014). The side-/I[13] allele was recombined with FRT40 for MARCM (Lee & Luo, 2001).
Mitotic recombination was induced at the third instar larva stage with 37°C heat shock for 2-3
min. FLP activated the FRT-flanked stop signal resulting in expression of R recombinase under
GAL4 control. R recombinase then excised sequences encoding the stop codon flanked by R-
specific-recombination sites (RSRT). This resulted in the insertion of the V5 tag into Brp and
due to the 2A site expression of the linked LexA coding sequence. LexA then induces LexAop-
myr-tdTOM to label the cell membranes to high cell morphology. (Figure 4.S6, detailed
genotype in Table 4.51). Flies were dissected within two days after eclosion. The brains were

visualized by immunofluorescence staining as described below.
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The T4/T5 GAL4 driver marks all subtypes. In order to classify the identities of T4/T5 MARCM
clones, we used the unique dendritic orientation of T4/T5s (i.e. T4c/T5c, dorsal to ventral; T4d/T5d,
ventral to dorsal). Brains were mounted to have confocal image stacks along the dorsal to ventral
axis, so that the Z-axis in the final volume corresponds to the D-V axis of the compound eye (i.e.
the visual field). Images were analyzed in IMARIS to enable 3D visualization. For each T4/T5
dendrite, orientation was determined by the angle of the primary dendritic branch extending away
from the axon shaft (i.e. extension away from the axon) and the position of distal tips of the

dendrite. T4c/T5c and T4d/T5d dendrites were oriented in opposite directions.

RNAI-MCFO experiment RNAi was expressed by a GAL4 driver expressed in both LLPC2 and
LLPC3. To visual single LLPC2 and LLPC3 neurons we combined MultiColor FlipOut (MCFO)
with beat VI knock down ((Nern et al., 2015) Figure 4.4E and 4.4H). Heat shock (8-10 min) was

induced in the mid-pupal stage for sparse labeling.

Immunohistochemstry / Inmunofluorescence and confocal microscopy

Brains were dissected in ice-cold Schneider's Drosophila Medium (GIBCO #21720-024), and
fixed in PBS containing 4% paraformaldehyde (PFA) for 25 min at room temperature (RT). Brains
were washed three times with PBST (PBS containing 0.5% Triton X-100), and incubated in
blocking solution (PBST containing 10% Normal Goat Serum) for at least 2 hr at RT prior to
incubation with antibody. Brains were incubated sequentially with primary and secondary
antibodies diluted in blocking solution for 2 days at 4°C, with 3 PBST washes followed by 2 hr
incubation at RT in between and afterward. Then brains were mounted with Everbrite mounting

media (Biotium #23001) or processed for DPX mounting (see below).

Antibody information Primary antibodies and dilutions used in this study: chicken anti-GFP

(1:1000, Abcam #13970), rabbit anti-dsRed (1:200, Clontech#632496), mouse anti-Nc82 (1:40,
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Developmental Studies Hybridoma Bank (DSHB) Nc82), chicken anti-V5 (1:300, Fortis Life
Sciences #A190-118A), rabbit anti-HA (1:200, Cell Signaling Technology #3724), guinea pig anti-
Pdm3 (1:20, a gift from John Carlson), mouse anti-Br (1:20, Developmental Studies Hybridoma
Bank (DSHB) 25E9.D7). Secondary antibodies and dilutions used in this study: goat anti-chicken
Alexa Fluor 488 (AF488) (1:1000, Invitrogen #A11039), goat anti-rabbit AF568 (Invitrogen
#A11011, 1:200), goat anti-guinea pig 568 (1:500, ThermoFisher #A11075), goat anti-mouse

AF568 (1:500, ThermoFisher #A11031) goat anti-mouse AF647 (1:500, ThermoFisher #A21235).

Tissue clearing and DPX mounting Antibody stained brains were mounted with DPX following
Janelia FlyLight protocol (https://www.janelia.org/project-team/flylight/protocols). Briefly, after
secondary antibody wash as described above, brains were post-fixed with 4% PFA for at least 3
hr in RT. Brains were washed with PBS and mounted on polylysine-L coated coverslip and
sequentially dehydrated in increasing concentration of ethanol (50%, 75%, 90%, 100%, 100%,
100%, 10-min each). Dehydrated brains on coverslip were incubated in Xylene (Fisher Scientific,
X5-500) (5min x 3) for tissue clearing. Then the coverslip was embedded in DPX (Electron
Microscopy Sciences, #13510) and cured in the chemical hood for more than 2 days before

imaging. DPX mounting images are noted in the genotype table (Table 4.S1)

Confocal microscopy Immunofluorescence images were acquired using Zeiss LSM 880
confocal microscope with Zen digital imaging software. Optical sections or maximum intensity
projections were level-adjusted, cropped and exported for presentation using ImagedJ software
(Fiji) or IMARIS 9 (Oxford Instruments). Reported expression patterns were reproducible across

three or more biological samples.

Data and materials availability
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Connectome and transcriptome datasets used in this study are available through Neuprint
(neuprint.janelia.org) and NCBI GEO (GSE156455). Newly generated mutant alleles and split-

Gal4 lines are available upon request.
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4.4 Results

4.4.1. Matching the connectome to the developmental transcriptome

To overcome the complexity of synaptic circuitry, we focused on the motion detection
circuit and, in particular, closely related neurons which choose between similar synaptic targets
(Borst et al., 2019; Shinomiya et al., 2022). Dense EM reconstructions identified most of the
synaptic connections in this circuit (Figures 4.1A-B). A set of eight closely related subtypes of
T4/T5 neurons lie at its center. Each subtype is defined by a combination of one of two patterns
of dendritic inputs and one of four patterns of axonal outputs (Figures 4.1A and 4.1F). T4 and T5
neurons arborize their dendrites in the medulla and lobula, respectively. Each of these groups is
further subdivided into four subtypes (a/b/c/d) based on their axon terminals in four synaptic layers
of the lobula plate (Lop1/2/3/4). Each pair of T4 and T5 neurons which project axons to the same
layer respond optimally to motion in one cardinal direction; T4 neurons respond to the movement
of bright edges (ON pathway) and T5 neurons respond to dark edges (OFF pathway) (Maisak et
al., 2013). T4 and T5 axons terminating in the same layer converge onto the same postsynaptic
partners (Shinomiya et al., 2022). Furthermore, some of the postsynaptic neurons in different
layers are also closely related cell types (see below). In this way, information from the ON (T4)
and OFF (T5) pathways corresponding to each cardinal direction converge onto four parallel
synaptic pathways (Figure 4.1B). We hypothesize that T4 and T5 subtypes, which form synapses
with the same set of postsynaptic neurons in each layer of the lobula plate, do so through the

same molecular mechanisms (Kurmangaliyev et al., 2019).

To identify these molecules, we integrated the synaptic connectome and the transcriptome
of developing neurons in the Drosophila visual system (Figures 4.1A-C). We previously
generated a comprehensive transcriptional atlas of the developing visual system using single-cell
RNA sequencing (Kurmangaliyev et al., 2020). This atlas covers more than 160 neuronal

populations at seven developmental time points; ~100 of them were matched to cell types in the
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connectome (Davis et al.,2020; A.N., Y.Z K, S.L.Z., in preparation). This includes transcriptional
profiles of all T4/T5 subtypes and 17 of their synaptic partners (Figure 4.1C). We focus on five
types of morphologically similar postsynatpic partners (Davis et al., 2020; Shinomiya et al., 2022):
two LPC (Lobula Plate Columnar) and three LLPC (Lobula-Lobula Plate Columnar) neurons
(Figures 4.1D and 4.S1). Each of these neuron types receives its major input from one pair of T4
and T5 subtypes (in one layer of the lobula plate) (Figures 4.1B and 4.1G). In our initial version
of the transcriptional atlas these five cell types were not resolved. A more detailed analysis
revealed distinct transcriptional clusters for each of them, which were validated by in vivo
expression patterns of marker genes (Figures 4.S1 and 4.S2) and mRNA profiling of purified cell
types (A.N., Y.Z.K, S.L.Z., in preparation). Hierarchical clustering of transcriptomes of all neuronal
populations in the visual system confirmed that the eight T4/T5 subtypes were closely related.
Similarly, four LPC/LLPC types (except LPC1) were also closely related to each other (Figure
4.1E). Taken together, T4/T5 subtypes and LPC/LLPC types assemble into parallel synaptic
pathways comprising homologous pairs of pre- and postsynaptic partners (Figures 4.1H and

4.11).
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Figure 4.1. Coupled transcriptome-connectome map of the Drosophila motion detection
circuit. (A-B) The connectome of T4/T5 subtypes from (Shinomiya et al., 2019, 2022). (A) Cell-
type level connectome graph. Presynaptic inputs (top) and postsynaptic outputs (bottom) of
T4/T5s are grouped and averaged by cell types. Purple, cell types with known transcriptomes. (B)
Connectomes of individual T4/T5s, as an adjacency matrix. Five instances for each T4/T5 subtype
(rows). Synaptic partners are grouped by cell type (columns). Each pair of T4 and T5 subtypes
converge onto the same set of postsynaptic targets. (C) tSNE of the Drosophila visual system
atlas (Kurmangaliyev et al., 2020). T4/T5s and their synaptic partners are labeled as in A. (D)
LPC/LLPC clusters. See also Figure 4.S1. (E) Hierarchical clustering of transcriptomes in the
visual system atlas; T4/T5 and LPC/LLPC neurons are shown in the zoom-in. (F) Morphology of
eight T4/T5 subtypes. Me, medulla; Lo, lobula; LoP, lobula plate. (G) Sparsely labeled T4/T5s
and LLPC neurons. Neuropil marker (grey), brp. Scale bars, 10 um. (H) Layer targeting of T4/T5
and LLPC neurons in the LoP. For LPCs see Figure 4.51 () Closely related pairs of T4 and T5
subtypes converge onto the same postsynaptic targets.
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4.4.2. Beat/Side IgSF CAM expression defines synaptic specificity

To understand how neurons choose their synaptic partners, we focused on synapses
between the most closely related T4/T5 pairs and their closely related postsynaptic targets. T4c
and T5c form synapses with LLPC2, and T4d and T5d form synapses with LLPC3 (Figure 4.2A).
Each of these pairs of T4/T5 subtypes converge onto transcriptional programs that correlate with
the specificity of their axonal outputs (Kurmangaliyev et al., 2019). Virtually all differentially
expressed genes (DEGs) between T4c and T4d are the same as between T5c and T5d (Figure
4.2B). There were only nine such DEGs, and of these, seven were cell surface proteins (Figure
4.2C). Similarly, a small number of cell surface proteins were differentially expressed between
LLPC2 and LLPC3 neurons (Figure 4.2D). We hypothesize that matched pairs of cell recognition
molecules specific to each pair of synaptic partners regulates this binary choice in synaptic

specificity.

Although each T4/T5 subtype and LLPC types express many CAMs (Figure 4.2E), only
two pairs of interacting CAMs correlated with synaptic specificities of these two sets of synaptic
partners (Figure 4.2F). Both pairs belong to the Side and Beat families of IgSF proteins, which
form a heterophilic protein interaction network (Li et al., 2017; Ozkan et al., 2013) (Figure 4.21).
Founding members of these families (Side and Beat-la) were identified in genetic screens as
regulators of motor axon guidance in the Drosophila embryo (Fambrough & Goodman, 1996;
Siebert et al., 2009; Sink et al., 2001). Functions for other paralogs have not been described. As
each neuron type in the developing visual system expresses a unique combination of 14 Beat
and eight Side proteins during development, these proteins may contribute to synaptic specificity

more broadly (Figure 4.S3).

The top differentially expressed genes between T4/T5 subtypes are side-IV (specific to
T4c/T5c) and side-ll (specific to T4d/T5d). LLPC2 and LLPC3 neurons express interacting Beats

in a matching fashion; beat-Ila and beat-Ilb are specific to LLPC2, and beat-VI is specific to LLPC3
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(Figure 4.2G). At least two other major synaptic targets of T4c/T5¢ (LPC2 and LPi3-4) express
beat-lla/llb but not beat-VI, and the main synaptic target of T4d/T5d (VS) expresses Beat-VI but
not Beat-llb (Figure 4.2G and 4.2H). In this way, the matching expression of two pairs of

interacting IgSF CAMSs correlates with synaptic specificity in this circuitry (Figure 4.2J).
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Figure 4.2. Matching receptor-ligand pairs correlate with synaptic specificity.

(A) Connectome of T4/T5-LLPC2/3 circuit. (B to D) Differentially expressed genes (DEGSs)
between T4/T5 and LLPC subtypes. See Methods for details and thresholds. (B) Log-fold-change
for DEGs between T4c and T4d (x-axis), and T5c and T5d (y-axis). (C) Heatmap of expression
patterns of DEGs significant in both comparisons in B (red). (D) DEGs between LLPC2 and LLPC3
(E) All annotated IgSF CAMs. Data is shown for 7 time points after pupal formation (APF). (F)
Examples of matching CAM interactions between T4/T5 and LLPC. Only two pairs of interactors
correlate with connectome: Side-IV::Beat-lla/b and Side-Il::Beat-VI (orange and green arrows in
C to E). (G) Line plots with expression patterns of these Beat/Side proteins in the T4/T5-LLPC2/3
circuit, and other major targets with known transcriptomes. Dots are replicates. (H) In vivo
expression of Beat-llb and Beat-VI in VS neurons (adult), the main target of T4d/T5d (Figure 1D).
Neuropil marker (grey), brp. Scale bars, 10 um. (I) Interactome of Beat/Side families from (Li et
al., 2017). (J) Matching receptor-ligand pairs between T4/T5s and their targets in Lop3 (orange)
and Lop4 (green).
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4.4.3. Side-ll/Beat-Vl is required for synaptic layer separation

We sought to assess the roles of Beat/Side interactions in the wiring of T4/T5 axons. In wild-type,
these axon terminals form four layers in the lobula plate (Figure 4.3A). In homozygous side-/""
mutant animals, T4/T5 axon terminals formed a single fused Lop3/4 layer (Figure 4.3B). Lop1
and Lop2 were normal. Beat-VI is a high-affinity binding partner of Side-Il. Homozygous beat-V/™"
mutants phenocopy side-I"" mutants. These results were confirmed with an insertion and a
deletion disrupting these genes (Figure 4.S4A and 4.S4B). The layer fusion phenotype

resembles the earlier stages of development (Figure 4.3A).

Next, we tested whether Side-Il was required in T4/T5 neurons using RNA interference
(RNAI) (Figure 4.3C-D). Removing side-Il specifically from T4/T5s phenocopied side-/I™" mutants.
These results were confirmed using an independent side-Il RNAi line (Figure 4.84A). Removing
beat-VI from T4/T5s did not result in the fusion of Lop3/4, whereas a pan-neuronal RNAI of beat-
VI did. Removal of side-Il from T4/T5s also disrupted dendritic morphologies of their main
postsynaptic partners (Figure 4.3E). Thus, Side-ll and Beat-VI is a receptor-ligand pair that

regulates separation of neuronal processes into adjacent synaptic layers of the lobula plate.

Expression patterns of Side-IV and Beat-lla/llb in Lop3 suggested a similar role for this
receptor-ligand pair in lobula plate development. However, in homozygous side-/V™!' mutant
animals, we did not observe defects in the lamination of T4/T5 axon terminals (Figure 4.S4C).
This suggests that these proteins have a different function, or other recognition molecules may

act to compensate for their loss.
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Figure 4.3. Side-ll::Beat-VI segregates synaptic partners into layers.

(A to D) Morphology of T4/T5s in the wild-type and mutant backgrounds. In immunofluorescence
images, all T4/T5 neurons are labeled. (A) During development (right), axon terminals first
laminate into two broad domains (Lop1/2 and Lop3/4). In adults (middle), these layers further
separate into four layers (Lop1/2/3/4). (B) In side-II"" and beat-VI™" mutants, axons of T4c/T5¢
and T4d/T5d form a single fused Lop3/4 layer. (C) T4/T5-specific RNAI of Side-Il (but not Beat-
VI) also results in fused Lop3/4. (D) Pan-neuronal RNAI of both Side-ll and Beat-VI results in
fused Lop3/4. (E) Morphology of the main postsynaptic partners of T4/T5s (green) upon removal
of Side-Il from T4/T5s (via RNAI). In controls, LLPC3 and VS arborize in Lop4. In side-ll RNAI,
they span fused Lop3/4 layer. Neuropil marker (magenta), brp. Scale bars, 10 ym.
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4.4.4. Side-ll and Beat-VI control synaptic specificity.

Next, we assessed the role of Side-ll/Beat-VI interactions at the level of single cells. For
T4/T5 neurons, we visualized the morphologies and presynaptic sites of sparsely distributed
homozygous side-I™" mutant neurons where most, if not all, other neurons are wild-type
(heterozygous; see Methods, Figure 4.4A-C). Wild-type T4c/T5c and T4d/T5d have presynaptic
sites in Lop3 and Lop4, respectively. Mutant T4d/T5d axons terminate in Lop4, however, their
presynaptic sites span both layers. The penetrance of this phenotype was complete (15 of 15
single mutant neurons). Mutant T4c/T5c¢ were similar to wild-type. The simplest interpretation is

that mutant T4d/T5d neurons form ectopic synapses with inappropriate synaptic partners in Lop3.

We next removed Beat-VI from postsynaptic partners, LLPC2 and LLPC3, using RNAi and
visualized individual mutant neurons (see Methods, Figure 4.4E-G). In controls, we detected wild-
type LLPC2 (dendrites in Lop3) and LLPC3 (dendrites in Lop4). In beat-VI RNAIi, we detected
wild-type LLPC2 and many abnormal neurons spanning both Lop3 and Lop4. Fewer wild-type
LLPC3s than expected were observed (Figure 4.4H, Fisher's exact test, p = 0.004). As beat-VI
is specific to LLPC3, we conclude that abnormal neurons are mutant LLPC3s. This phenotype
was confirmed using an independent beat-VI RNAI line (Figure 4.S5). The single-cell phenotypes
are consistent with each other. That is, presynaptic sites of Side-ll mutant T4d/T5d and
postsynaptic dendrites of Beat-VI-deficient LLPC3 are no longer restricted to Lop4 and

accumulate in Lop3.

In summary, Side-ll is expressed in T4d/T5d axons and Beat-VI in dendrites of their
postsynaptic partners. Side-Il and Beat-VI bind to each other. Removal of this receptor-ligand pair
leads to defects in synaptic circuitry in Lop4. These proteins may control several steps of circuit
assembly. At an early stage, they promote adhesion between axons and dendrites leading to their

segregation into layers. At a later time, they may directly specify connections between synaptic

138



partners. Regardless of mechanistic details, Side-ll and Beat-VI interactions play a critical role in

matching synaptic partners.
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Figure 4.4. Side-ll::Beat-VI determines the choice between alternative synaptic targets

(A to C) MARCM-STaR. Mosaics with homozygous mutant (side-/I""") T4/T5 neurons (green) with
presynaptic marker Brp-V5 (magenta), and wild-type controls (WT). (left) Schematics of T4/T5
axon terminals in Lop3 and Lop4. (right) Dendrite orientation discriminates between T4c/T5c and
T4d/T5d (D: dorsal, V: ventral, based on the visual field coordinates). (B) WT and side-/""
T4c/T5c form synapses in Lop3. (C) WT T4d/T5d form synapses in Lop4; side-I"" T4d/T5d form
synapses in Lop3 and Lop4. (D) LLPC2 and LLPC3 morphologies and T4/T5 inputs from EM
reconstruction (Shinomiya et al., 2022). (E and F) beat-VI RNAi in LLPC2 and LLPC3. Single
neurons were visualized using MCFO. In controls, both LLPC2 and LLPC3 dendrites were wild-
type (as in D). In beat-VI RNAI, we detected wild-type LLPC2 and fewer LLPC3 than expected.
We observed a large number of abnormal neurons spanning both Lop3 and Lop4. As beat-Vl is
specific to LLPC3, we conclude that abnormal neurons are LLPC3. (G) Quantification of the
labeled neurons from B and C. (H) Quantifications of labeled neurons from E and F. (I) Model for
circuit rewiring upon removal of Side-ll and Beat-VI. Neuropil marker (gray), brp. Scale bars, 10
pm.
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4.5. Discussion

How do neurons choose their synaptic partners? We have shown that any pair of neurons
typically express dozens of CAMs that can promote molecular interactions between them
(Kurmangaliyev et al., 2020). The choice between alternative targets can be determined by a
differential match in a single receptor-ligand pair. If we remove these interactions alternative
targets become molecularly less distinct. For instance, in the absence of Side-Il, LLPC2 and
LLPC3 appear more similar to T4d/T5d than in wild-type (Figure 4.4l). As a consequence,
T4d/T5d forms synapses in Lop3 in addition to Lop4. Our findings support the idea that a hierarchy
of wiring decisions sequentially restricts the pool of possible targets (Duan et al., 2018; Kolodkin
& Hiesinger, 2016; Zhang et al., 2022) and synaptic specificity is determined by the relative

preference between alternative partners (C. Xu et al., 2019).

This work expands the diverse repertoire of families of IgSF proteins which contribute to
synaptic specificity in the Drosophila brain (Millard et al., 2010; S. Xu et al., 2018). Each family
forms complex receptor-ligand networks including homophilic (e.g. Dscams (Wojtowicz et al.,
2007) thousands of isoforms) and heterophilic interactions (e.g. DIP/Dpr (Cosmanescu et al.,
2018; Ozkan et al., 2013) and Side/Beat (Li et al., 2017; Ozkan et al., 2013; Siebert et al., 2009)
comprising 50+ interacting pairs). These proteins are expressed in highly dynamic and cell-type-
specific ways, and with other cell surface proteins endow each neuron with a unique cell surface
protein composition (Kurmangaliyev et al., 2020; Sperry, 1963). The logic in wiring the mammalian
brain may be similar, with an expanded cadherin superfamily largely taking the place of IgSF

diversity (Sanes & Zipursky, 2020).

Coupled transcriptome-connectome maps provide a description of gene expression
patterns for both sides of synaptic connections. These maps can be correlated with binding
specificities of cell surface proteins to chart possible molecular interactions between neurons

(Verschueren et al., 2020; Wojtowicz et al., 2020). As more connectomes (Abbott et al., 2020;
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Motta et al., 2019) and developmental transcriptomes (Zeng, 2022) become available, a similar
approach may prove fruitful in uncovering matched receptor-ligand pairs regulating synaptic

specificity in the mammalian brain.
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Figure 4.81. Transcriptomes of LPC/LLPC neurons.

(A) tSNE plots of LPC/LLPC neurons. Cells are color-coded according to annotations in the
atlas V1.0 (top) and V1.1 (bottom). In the first version of the atlas, all LLPC and LPC2 neurons
were clustered together (as LLPC1). (B) Expression patterns of common and cell-type-specific
markers of LPC/LLPC neurons. (C) Sparsely visualized LPC1 and LPC2 neurons. (D) The
intersection of transcription factors fru and dmrt99B visualized by MCFO. Expression patterns of
these genes are shown by arrows in B. As predicted, this intersection captures LLPC neurons.
(E) Layer targeting of T4/T5 and LPC/LLPC neurons in the LoP. (F) Expression patterns of
marker genes from C in all other neuronal clusters in the visual system atlas ™. Neuropil marker
(gray), brp. Scale bars, 10 pm.
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(A) Expression patterns of Gal4 drivers targeting subsets of LPC/LLPC types (green). (B)
Expression patterns of select cell-type-specific marker genes in transcriptomes. (C) In vivo
expression of marker genes from B (magenta), colocalized with LPC/LLPC cell bodies visualized
using Gal4 drivers from A (green). Expression of br and pdm3 is visualized using immunostaining
for these proteins. Expression of DIP-beta is visualized using DIP-beta-lexA. Neuropil marker
(gray), brp. Scale bars, 10 um.
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Figure 4.S3. Expression patterns of Beat/Side families of proteins in the Drosophila visual

system.
Expression patterns are shown for all neuronal (left) and glial (right) clusters from the Drosophila

visual system atlas (Kurmangaliyev et al., 2020). Data is shown for 4 time points (24h, 48h, 72h,
and 96h APF). Lack of beat-llla expression could be due to technical reasons (e.g. misannotation
of transcripts) or it is not expressed in the brain.
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Figure 4.54. Side/Beat mutants.

(A to C) Morphology of T4/T5 neurons in various mutant backgrounds, visualized as in Figure.
4.3. (A) side-I™" allele over deficiency and two independent side-Il RNAI are indistinguishable
from homozygous side-I"" animals (KK107512 is also shown in Figure 4.3). (B) beat-VI™" allele
over a MiMIC insertion into a beat-VI gene phenocopies homozygous beat-VI™" animals. Two
independent beat-VI RNAI lines expressed in T4/T5s are indistinguishable from controls. By
contrast, the same RNAI lines expressed in all neurons phenocopies homozygous beat-V/™"
animals (KK105798 is also shown in Figure 4.3). (C) In side-/V™" and side-IV RNAI, T4/T5 axons
form four layers in the LoP as in wild-type.
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Figure 4.S5. LLPC2 and LLPC3 beat-VI MCFO-RNA.I

Additional examples of sparsely labeled LLPC2 and LLPC3 neurons coupled with beat-VI RNAI
(same experiment as in Figure 4.4E-G). Data is shown for two independent beat-VI RNAI
(KK105798 is used in Figure 4.4). Neuropil marker (blue), brp. Scale bars, 10 upm.
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Figure 4.56. The MARCM-STaR methods.

MARCM-STaR labels cell morphology and the presynaptic active zone protein Brp in single
sparsely distributed null mutant neurons in otherwise wild-type backgrounds. Heatshock Flp
induces mitotic recombination (MARCM) to generate homozygous null mutant clones. In the
post mitotic mutant neuron where T4/T5-GAL4 is active, heatshock Flp excises the stop signal
by mediating recombination between the flanking FRT recombination sites. This allows for
expression of R recombinase. R recombinase, in turn, excises the stop cassette in the Brp gene
by mediating recombination between RSRT sites. This recombination event inserts the V5
epitope tag into Brp and through T2A sequence (not shown) allows for co-expression of LexA;
LexA then drives expression of myrtdTOM.
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Conclusion and future directions
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5.1. Summary of results

In this dissertation, | presented three studies focused on identifying genetic programs of
postmitotic neurons during wiring, utilizing single-cell transcriptome and synapse-level
connectome. In Chapter 2, we discovered a modular architecture of gene expression programs
in motion detector T4/T5 neurons. Strikingly, none of the eight subtypes of T4/T5 neurons had a
unique cell-type specific marker, but instead, we observed three orthogonal transcriptional
programs, or heterogeneity axes. These programs were expressed in a binary fashion for each
subtype and were related to dendritic and axonal wiring of T4/T5 subtypes. This finding shows
that specific gene expression programs associated with wiring can be identified by analyzing the

transcriptional profiles of neurons during their wiring phase.

In Chapter 3, we expanded the scope of transcriptional profiling to the whole visual system
during total pupal development, achieving more than 150 distinct neuronal populations annotated
along nine time points during pupal development. Through this comprehensive longitudinal
analysis, we were able to discover pan-neuronal and cell-type specific programs, as well as the
dynamic nature of gene expression within these programs. An important contribution of this paper
is the ability to obtain gene expression profiles of synaptic partners at the exact same
developmental time point from the same brain, as all cell types were sampled simultaneously. To
my knowledge, this atlas is the largest and the most detailed developmental transcriptome that
can be mapped to an EM level connectome, to date. Additionally, the genetic multiplexing
methods we employed to differentiate between different timepoints have proven useful for other
studies where multiplexing is required, such as perturb-seq experiments utilizing different DGRP

lines for control and RNAI knock-down conditions (Jain et al., 2022).

In Chapter 4, we built upon the developmental transcriptome atlas from Chapter 3 and

combined it with synapse-level connectome to address questions regarding synaptic specificity.
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The EM connectome allowed us to map the connectivity of eight T4/T5 subtypes and their
postsynaptic partners. Through transcriptomic analysis, we discovered a group of postsynaptic
neurons that were transcriptionally similar. By investigating the factors that determine why T4/T5
subtypes choose certain transcriptionally related postsynaptic neurons, we identified the
differential expression of Beat/Side IgSF family genes. Further genetic experiments demonstrated
that side-Il is required for final synaptic partner choice of T4d/T5d within the lobula plate layer 4.
Overall these findings provide insights into the molecular mechanisms underlying synaptic

specificity in developing visual systems.

5.2. Big data for comprehensive understanding of neuronal wiring and beyond.

Single-cell RNA sequencing is now offering unprecedented access to gene expression
profiles of any parts of an animal in any species. In parallel to the Human Cell Atlas, the Drosophila
community around the world is making a collaborative effort to build a single-cell transcriptome
atlas. Launched in 2020, the Fly Cell Atlas is building a database of single-cell transcriptomes of
entire adult Drosophila, including not only the brain, but also many parts of the Drosophila body:
antenna, gut and legs (flycellatlas.org). In addition to studying wiring and synaptic specificity, the
optic lobe developmental atlas from our work and similar datasets from others add valuable

resources to address various biological questions (Kurmangaliyev et al., 2020; Ozel et al., 2020).

On the other hand, recent studies of EM connectome in both Drosophila brain and
preliminary studies in mouse retina and cortex have revealed an unprecedented level of
complexity and organizational rules that are yet to be fully understood (Kim et al., 2014; Shinomiya
et al., 2022; Takemura et al., 2013; Turner et al., 2020). These studies have not only uncovered
the connectivity between different cell types, but also the detailed subcellular locations of

connections, providing insights into the elaborate and controlled wiring achieved during
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development. Such findings spur a deeper exploration of the molecular mechanisms underlying

this specificity.

The accumulation of big data in single-cell research will continue to provide increasingly
complex information on individual cells. With rapid progress of methods to gain various modalities,
such as single-cell ATACseq for chromatin state changes (Janssens et al., 2022), emerging long-
read sequencing for alternative splicing measurement (Traunmiiller et al., 2023), along with cell-
type specific proteome (J. Li et al., 2020; Shuster et al., 2022) will enable a more comprehensive
description of single neurons and their changes during development. With the challenge shifting
from data scarcity to data overload, it is crucial to use these data effectively to answer biological

questions one has.

The T4/T5 motion detector system is an excellent model to study synaptic specificity as
we have prior knowledge of their development from progenitors to their morphological maturation
trajectory of eight subtypes (Apitz & Salecker, 2018; Pinto-Teixeira et al., 2018). The synaptic
connectivity of both pre- and postsynaptic partners is well mapped at the EM level, revealing
shared and distinct wiring patterns between each subtype. This information allows us to determine
where the eight subtypes make diverging choices to build differential connectivity (Shinomiya et
al., 2022; Takemura et al., 2017). Among eight subtypes, T4c and T4d subtypes have extremely
similar developmental trajectories. Their axon terminals initially target their axon terminals within
the same domain of the lobula plate (proto-layer c/d), and as they mature, they make subtypes
specific synapses by selecting different partners via small differences in their gene expression
(Figure 1.5B). T4c and T4d undergo extremely similar morphological development and similar
batteries of gene expression programs in their postmitotic developmental period. While any two
different neuronal types exhibit many differences in characteristics including diverse
morphologies, molecular identities, and wiring patterns, the similarity between T4c and T4d allows

to link the small differences in gene expressions to the diverging choices made by T4c and T4d
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to connect with two different postsynaptic partners, LLPC2 and LLPC3. As such, prior knowledge
on the properties of neuron provides an opportunity to assess the relationship between specific

genetic programs and specific neuronal features.

5.3. Disentangling cell surface protein’s role in synaptic specificity

The process of proper wiring and synapse formation involves multiple stages where
interactions between cell adhesion molecules are crucial. While it may not always be easy to
distinguish between axon guidance and synaptic partner choice process, the appropriate use of
adhesion molecules and secreted molecules at each stage is necessary for progression to the
next step of decision making. For example, canonical guidance cues such as Netrin, Slits,
Semaphorins, and Ephrins play an important role in driving axon terminals to the domain where

they locate their synaptic partners and establish synapses (Sanes & Zipursky, 2020).

Cell adhesion molecules participate in extremely complex networks of protein-protein interactions
in both vertebrate and invertebrate systems (Kolodkin & Hiesinger, 2016; Sanes & Zipursky, 2020).
IgSF proteins such as DIP/dpr and Side/Beat families, have a wide range of affinities
(Cosmanescu et al., 2018; H. Li et al., 2017), and display cell-type specific dynamic expression
patterns (Kurmangaliyev et al., 2020; Tan et al., 2015). Given the diverse array of adhesion
molecules expressed by neurons and the dynamic changes in their composition during
development, it is extremely challenging to identify the molecules responsible for the decisions
neurons make among the complex proteome environment of neighboring contacts. Despite this
complexity, there are some examples that highlight the importance of these interactions, such as
the DIP-a and dpr6/10 pairs, which have been implicated in dendrite arborization, synapse
numbers, and cell survival in medulla neurons (Xu et al., 2018, 2022). These limited examples
where a few cell surface molecules are disrupted by gene deletion or protein avidity mutations

shows that it may be challenging to understand the role of each cell adhesion molecule.
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One approach for disentangling the complexity of cell adhesion molecules would be assessing
the expression level and dynamic composition of the cell surface proteome of each cell type at
any given time. However, this method is not practically feasible. An alternative, more feasible
approach is presented in Chapter 4, which focuses on closely related neurons that share
developmental changes both in gene expression patterns and the external environment factors.
This approach allows for the testing of the role of genes or molecules of interest. It is important to
note that the same molecules may have different effects depending on the context in which they
are present, and thus minimizing variability is crucial. As described in the previous section, the
confined developmental context of time, space of T4/T5 subtypes enabled us to find the role of

Side/Beat pairs as the factor that tips the balance for one synaptic choice over the other.

5.4. Future directions

This dissertation can be developed in three ways to deepen our understanding of the
molecular mechanisms underlying brain development. First, further investigation into gene
regulation is needed. While the transcriptome provides valuable information on cell-type specific
gene expression patterns during development, a thorough understanding of the gene regulatory
mechanisms of developing nervous system requires examination of chromatin state changes
during development (Janssens et al., 2022). This can help identify the regulatory mechanisms
that impact synaptic choices and wiring during development. T4/T5 progenitors undergo two
Notch dependent asymmetric divisions, which correspond to binary expression patterns of grn
and TfAP-2, respectively. Although these two divisions diverge developmental trajectories for
T4/T5, all T4 and all T5 converge onto the same transcriptional programs that regulate their
dendritic targeting and wiring. The binary but converging regulatory programs and resulting cell
surface molecule expression regulation may be related to T4/T5 neurons chromatin state

characteristics.
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Moreover, capturing spatial information is crucial as the current transcriptome is mainly
generated from dissociated cells, which results in the loss of spatial information. For instance, our
work in Chapter 3 showed that some genes are expressed in dorso-ventral gradients along the
spatial axes of the whole optic lobe. A recent study showed that the whole brain scale spatial axis
can affect synaptic gradients (Dombrovski et al., 2023). Local translation events from localized
mRNA may occur in axons or dendrites, which cannot be captured from cell bodies. While it is
unclear whether this actively occurs in the Drosophila optic lobe, evidence exists of mMRNA

transport to cell structures beyond cell bodies, indicating the possibility of local translation.

Second, understanding protein dynamics is necessary to better comprehend the
molecular environment of developing neurons, as transcriptomes may not always correlate with
protein expression. Localization of protein also needs to be understood. For example, the
temporal gene expression pattern and expression levels of GluCla in all T4/T5 subtypes are the
same, but the protein localization during development differs between T4 and T5. Before 72h APF,
GluCla localizes to both T4 and T5 dendrites, but after 72hAPF, GluCla in T5 dendrites clear out.
This disparity between the transcriptome and proteome at the local level indicates that relying
solely on the transcriptome to predict the cell surface environment can be limiting. Additionally,
the role of alternative splicing that produces multiple protein isoforms as a product adds

complexity especially for cell surface proteomes (Furlanis et al., 2019; Traunmdiller et al., 2023).

Finally, large-scale transcriptome studies are advancing our understanding of molecular
cell types (Berg et al., 2021; (BICCN) et al., 2021; Yao et al., 2021). Also, EM-level connectome
data are beginning to be generated at a large scale in vertebrate brains including mouse, primate,
and human. (Loomba et al., 2022; Motta et al., 2019; Schneider-Mizell et al., 2023). The studies
| presented in this dissertation provide a framework to utilize developmental transcriptome and

synapse-level connectome to understand molecular mechanisms for brain development.
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