Chapter 1

Introduction

1.1 General Overview

The primary function of the nervous system is to integrate information about the external world
to produce behavior. This response translatesthe coordinate activation of muscles by circuits
residing in the spinal cord. But, before we can attain the study of the neuronal circuits at play when
performing movement, we must be able to deconstruct such circuits into their neuronal types. At
present, there is no scientific consensus on what a neuronal cell type is, since neurons can be
distinguished by many factors e.g. their patterns of gene expression, neurotransmitters,
electrophysiological properties, morphology, connectivity. Nonethelgg®vasional census can
be assembled by characterizing intrinsic neuronal properties, which in turn enables the
manipulation of cell types in controlled ways and, the understanding of how these types change

during disease.

In this thesis, | will focus on tav main objectives: elucidating the organization of a major
interneuronal population in the spinal cord implicated in the regulation of locomotor activity and,
at the same time, setting forth a statistical framework for characterizing cellular populatiohs.

a framework will inform us about the analysis of sparsely sampled datasets, a commonly
encountered problem in the biological sciences. To resolve this issue, we resorted to the

assignment of uncertainty to the confidence on the existence of eadduadisell type.



The spinal cord motor system, the unit of the CNS in charge of producing movement, presents
many advantages in terms of characterizing its cellular constituents: its output is well characterize
and divided into labelled lines consistinfsets of motor neurons innervating different muscles;
the developmental program of motor neurons has been extensively studied and delineated [Jessell,
2000]; the physiology and connectivity of its neurons have been clearly outlined at the mature
stage [Bown 1981]; its cells are assembled in a stereotypical manner; the circuits implied in motor
control are largely confined to the ventral region; and much work has been done in molecularly
characterizing their local and output neurons. For these reasosgirtaécord can be used as a
model for understanding how neuronal populations are distinguished while teaching us about the

most essential neuronal circuits involved in movement.

Within the spinal cord, local interneurons have major roles in shapingtivéyaof motor
output pathways and amongst these cells, the ones that release inhibitory transmitters critically
affect motor neuron output. Spinal interneurons involved in the generation of locomotor activity
reside in the ventral region of the cord atteby originate during development from four progenitor
domains, termed V@ V3. To gain insight into the functional organization of local inhibitory
circuits for motor control we have focused on diversity and connectivity within the cardinal
interneuronBpopulation, V1. To characterize V1, we first identified transcription factors that can
help to fractionate this parental population. We focused on transcription factors given their
preponderant role during development in assigning cellular identity indtvous system [Jessell,
2000]; [Arber 2012]; [Goulding et al, 2002]. We then measured first and second order siatistics
the fraction of cells expressing and -expressing each protein within V1 by
immunohistochemistry. This methodology provides adddl information regarding cell location,

a cell type characteristic important for determining connectivity and functional cell properties.



Using these datasets, we employed our statistical framework to infer underlying cell types within
V1, highlighting te differences and advantages of using more sources of cellular characterization
to constrain inference procedures. Next, we validated our inferred cell types by further
immunohistochemical analysis, spatial location, and quantitative PCR experimenthielVe t
examined the functional consequences of such diversity by electrophysiological recordings.
Finally, we studied how interneuronal settling position relates to patterns of input from sensory
and motor neurons, with a focus on differential wiring frombitbry microcircuits into motor

pools controlling hip, ankle, and foot muscles.

1.2 Cellular diversity

Throughout the animal kingdom, tissues and organs are comprised of diverse cell types, each
possessing a characteristic morphology and specializetidontn mammals, the diversification
of cell types attains its most impressive extremes in the hematopoietic and nervous systems. The
hematopoietic system contains more than two hundred distinct cell types, the individual identities
of which are initiallydetermined by the selective expression of DbiAding transcription factors
[Jojic et al, 2013]. In the mammalian central nervous system (CNS), however, the extent of
neuronal diversity has yet to be resolved [Insel et al, 2013]. In part this reflefastttieat criteria
for distinguishing one neuronal type from another remain tenuous. Classification schemes based
on connectivity, molecular profile, or physiology at best capture only isolated features of neuronal
heterogeneity [Masland, 2004]; [Defelipeal, 2013]; [Sharpee, 2014]. A classification method is

needed that identifies cell types using all these different cellular features.



At a molecular level, distinctions in neuronal cell type originate during embryogenesis, and
depend on the activitiesf transcription factors that promote the expression of downstream
effectors [Kohwi and Doe, 2013]. Attempts to define the link between transcriptional identity and
neuronal diversity have focused mainly on the analysis ofdbstgnce projection neurgnfor
which distinctions in target innervation provide a clear correlate of functional divergence
[Molyneaux et al, 2007]; [Sanes and Masland, 2015]. Thus in the retina and cerebral cortex,
different functional classes of ganglion and pyramidal neurons lbeen delineated through their
transcriptional identities [Siegert et al, 2009]; [Greig et al, 2013]; [Ascoli et al, 2008]; [Fishell and
Rudy, 2011). Similarly, in the spinal cord the hierarchical ordering of motor neuron subtypes and
their connections iknown to have its origins in discrete profiles of transcription factor expression

[Ericsson et al, 1996]; Dasen et al, 2005]; [Dasen and Jessell, 2009].

Yet local interneurons represent the most prevalent neuronal class within the mammalian CNS,
collectively shaping the output of lorgngeprojection neurons [Isaacson and Scanziani, 2011].
Among local neurons, cortical inhibitory interneurons are the most widely studied interneuronal
types in the CNS [DeFelipe et al., 1989]; [Hendry et al., 1989]; [Fe@netal., 1993]; [Gabbott
and Bacon, 1996]. They can be molecularly identified based on the expression of several markers:
parvalbumin found in chandelier and fast spiking basket, or wide arbor, caligtinin[Cond e
et al., 1994]; [Gabbott and Bacot®96], labelling double bouquet cells, Cagdtzius cells, and
bipolar cells;calbindin[Hendry et al., 1989]; [DeFelipe et al., 1990]; [Kubota et al., 1994]; [del
REeéo and DeFelipe, 1995] ; [ Gabbott and Bacon
samatostatin[Kubota et al., 1994]; [Kawaguchi and Kubota, 1996]; [Smiley et al., 2000], which
labels Martinotti cells (Figure 1.2a). Nonetheless, recent work have demonstrated that these classes

of inhibitory interneurons can be further subdivide, establishthe premise that various



interneuron classes are not ultimately defined by the expression of a single gene; Other
morphological features must be probed in the end when determining the identity of cell types

([Zeisel 2015] and [Cortical Allen Brain 20t§Kepecs & Fishell]; Figure 1.2b).

Resolving the extent of interneuron diversity within the spinal cord has remained a challenge,
not least because the detailed organization of spinal circuits and their cellular populations is yet to

be uncovered.
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Figure 1.1. Cortical inhibitory interneurons are heterogeneous, with various subtypes
distinguished by different morphological, physiological and molecular characteristics.

(a) Diagram depicting distinct subpopulations of GABA neurons in prefrontal cortex of humans known to
have specialized functions in regulating pyramidal neuron activity. Color code indicates widely used
markers distinguishing different types: parvalbumbiué€), calbindin (red), and calretinin (yellow).
Chandelier (Ch) cells, and wide arbor (WA) or basket cells both parvalbumin expressing neurons.
Neurogliaform (Ng), Martinotti (M), and double bouquet (DB, red) cells express calbindin. Double bouquet
(DB, yellow) cells express calretinin. Reproduced from Lewis et al. (2005).

(b) Multiple dimensions of interneuron diversity can be used to define each cell type. Typically a
combination of morphological, connectivity pattern, synaptic properties, marker €xpresd intrinsic

firing define the properties of each type (Diagram reproduced from Kepecs and Fishell, 2014).

(c) 49 transcriptomic cell types, including 23 GABAergic, 19 glutamatergic and -hewoonal types
identified by Tasic et al, 2016. Violin glocharacterize distribution of MRNA expression on a linear scale
for already known marker genes (Reproduced from [Tasic et al, 2016]).



1.3 The organization of spinal circuits

The rich repertoire of movements produced by the nervous system is generated b
numerous neuronal circuits that at last lead to the precise and coordinated activation of muscles.
At the core of the motor control system lies the spinal cord, collecting and integrating diverse
sources of information; its ultimate task is to drive neigontraction through its output cells,
motor neurons. One of the earliest attempts to order the cellular architecture of the spinal cord that
remains widely used, was devised by Rexed, who subdivided the cord into terceostad
laminae that imposes @nsistent and inclusive cytoarchitectonic scheme [Rexed, 1952]. The
delimitation of these layers and regions is thus based primarily on the cytological characteristics

of the nerve cells and their cytoarchitectonic aggregations (Figure 1.2a).

At that time, Romanes was pursuing a different characterization striving to identify the
functional significance of the various motor cell groups within the ventral horn of the spinal cord,
which at the time were unknown (for a review of Romanes work, see [JeéssHeR@11]). In two
seminal papers, he established that the ventral region of the spinal cord, Lamina IX, contains sets
of motor neurons arrayed in longitudinal columns projecting to distinct muscles in the periphery
[Romanes, 1951]; [Romanes, 1964]; (g 1.2b). These findings were later confirmed with
exquisite detail for the lumbosacral ventral motor neurons [Vanderhorst and Holstege, 1997]. The
arrangement of motor neurons into lateral motor columns revealed a multilayered topographic
organization tht links pool identity and location of motor neurons to the spatial arrangement and
biomechanical features of limb muscles. Next, motor neurons receive local inputs from
interneurons positioned in the ventral spinal cord. These cells represents thenfpbbey in the

motor processing hierarchy.



Independent of the behavior enacted, spinal interneurons participate in a three component
system mediating movement (Figure 1.2c). First, supraspinal centers in brainstem and higher brain
areas send descending umpnto the cord [Orlovsky et al., 1999]; [Grillner et al., 2005]. The
planning of actions prior to overt signs of movement are thought to be in part the work of circuits
in cortical centers and other supraspinal circuits; For instance, primary motox sertds
descending commands into the spinal cord, where they are involved in the control of many
voluntary motor programs [Miri et al, 2013]. Second, cutaneous, proprioceptive, and nociceptive
sensory systems, that constantly monitor the consequencestof awions [Brown, 1981];
[Rossignol et al., 2006]; [Windhorst, 2007] are assigned the job of conveying information about
the state of muscle activation to central neurons, sending afferents onto spinal interneurons located
in the first five laminae witm the dorsal horn [Lallemend & Ernfors, 2012]; Figure 1.2d). Third,
local interneurons, in between sensory and motor neurons, play an important role in shaping motor
output. Motor neurons residing on Lamina IX of the ventral horn mainly receive inputs fro
interneurons positioned in the ventral region of the spinal cord [Tripodi et al., 2011; Kjaerulff &
Kiehn, 1996]. Ventral interneurons are essential to generate rhythmic activity [Orlovsky et al.,
1999]; [Jankowska, 2001]; [Kiehn, 2011], they influeneé-tight alternation, flexcextensor
patterning, speed of rhythmic motor output, and burst robustness [Arber, 2012]. The interaction
between these three components of the motor hierarchy provides the plasticity and behavioral
diversification observed inature. This diversification occurs through orchestrated interactions of

transcription factors regulating differentiation during development.
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Figure 1.2. The organization of spinal circuits.

(a) Schematic drawing of the laminar organization of tiree$pord gray matter of the fifth lumbar
segment in the adult cat as proposed by Rexed (adapted from [Rexed, 1952]).

(b) The motor cell columns in cat. Each number depicts individual columns along the different
lumbosacral sections (adapted from [Romanes, 1951]).

(c) Schematic diagram depicting interneuron prominent position within spinal circuits, integrating
descendig and sensory inputs to coordinate motor neurons activation.

(d) Axonal termination patterns onto the different spinal laminae from sensory neurons in dorsal
root ganglia. Group la proprioceptive afferents and some group Il afferents, which innervate
musce spindl es, respond to muscle stretch in tF
Golgi tendon organs, respond to muscle tension. Group Il proprioceptors, which innervate
secondary endings in muscle spindles (adapted from [Lallemend and E20fb2}).



1.4 Molecular diversification of spinal neurons

Spinal circuits tasked to control limb movement depend on interneurons to drive motor
neurons in precisely organized patterns. Furthermore, interneurons serve as relays for sensory
feedback and descend command pathways [Schomburg, 1990]; [Windhorst, 2007]; [Arber,
2012]. Such varied requirements, in addition to the large number of muscles to be controlled,
demand an inordinate degree of motor and interneuronal heterogeneity necessary to accommodate

the diverse functions of spinal microcircuits.

Diversification of spinal neurons has its origins at early stages of development mediated
by a secreted protein, Sonic Hedgehog (Shh), which differentiates cells into an array of spatially
restricted progenits along the dorsoventral axis during temporally restricted periods [Jessell,
2000] (Figure 1.3a). Even at this early stage, position and molecular distinctions occupy a
privileged role in defining neuronal identity in the spinal cord. Shh signaling,ncecbwith a
transcription factor code, divides neurons into six dorsal and five ventral cardinal populations
[Alaynick et al., 2011]; [Goulding, 2009]; [Jessell, 2000]; [Kiehn, 2011]; [Dasen & Jessell, 2009].
These cardinal interneuronal populations aemed VOV3 and ditdi6 (ventral and dorsal
domains respectively) as well as motor neurons (Figure 1.3b). Although much progress has been
done in defining the cellular types arising from these cardinal domains, we still do not known the

complete transcrifn factor profile of any single class of spinal interneurons.

How many interneuronal populations are needed to produce the rich repertoire of
functional patterns executed by motor neurons? How many neuronal populations arise from each
cardinal domain antlow many transcription factors are needed to univocally identify a cellular

type? Attempts to answer these questions have resorted to Himeeamgg analysis to map the
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neurotransmitter phenotype, axonal projection patterns and functional roles durangobeof

each of these different domains [Arber, 2000]; [Stepien & Arber, 2008]; [Goulding, 2009].
Neurons originating in the ventral domains are the most studied populations in the spinal cord.
Among the ventral cardinal domains, insights into the mashen enacting neuronal
diversification have arisen from the study of motor neurons [Jessell, 2000]. Motor neuron identity
is linked to target muscle innervation. This relationship is so significant, that in 1925 Charles
Sherrington proposed the concepttbé motor unit-a motor neuron and the muscle fiber it
innervatesthe fundamental unit by which the nervous system controls movement [Ketralel
2012]. Groups of motor neurons forming selective connection with the same muscle belong to a
A mo t o r Acquaitioh of genetic pool identity along the rostrocaudal axis is achieved through
expression of Hox transcription factors at different spinal segments. A different set of Hox
regulatory interactions directs motor pool diversity at a single segmeregb]lD@sen et al., 2005];
[Dasen & Jessell, 2009] (Figure 1.3c). Finally, the selection of target muscle connectivity is

determined downstream of Hox regulation (Figure 1.3d).

The remaining progenitor domains give rise to interneuronal populations, cogtam
unknown number of cellular types, whose complete molecular identity continues imprecise. In
what follows, we will review our current knowledge of interneuronal molecular diversity focusing
on the identified four cardinal domains, Y& 3. The VO inerneuronal population is derived from
Dbx1 expressing progenitors, which settle in the ventromedial region of the mouse spinal cord and
primarily project commissural axons. VO interneurons can be divided into a ventral subpopulation
which transiently expies Evx1 (VOV) and a dorsal subpopulation (VOD) lacking expression of
Evxl [Pierani et al.,, 2001]; [MoraRivard et al., 2001] (Figure 1.4a). In addition, a small

population of VO interneurons has been identified, representing only a few percent of thal pare
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population, delineated by the expression of the transcription factor Pitx2 which marks cholinergic
cells that represents the sole source of C bouton inputs to motor neurons [Zagoraiou et al., 2009].
Tracing experiments have revealed further fractionabf the seemingly homogeneous VOc
population, by discovering an ipsilaterally projecting population together with a bilaterally
projecting population with motor neuron specific connectivity [Stepien et al., 2010]. These
findings exemplify the importancef considering not only molecular phenotypes but also
morphological features to fully characterize cellular types. The functional consequences of both

populations remains to be explored.

V1 interneurons are defined by developmental expression of the odomeain
transcription factor Enl and, express GABA and/or glycine as inhibitory neurotransmitters
[Saueressig et al., 1999]; [Sapir et al., 2004] (Figure 1.4b). This population constitutes over one
third of all inhibitory interneurons in the ventral spicard, and include Renshaw cells and some
Group la reciprocal interneurons (in this group, not all functionally defined neurons derive from a
single progenitor domain), which mediate recurrent and reciprocal inhibition, respectively [Sapir
et al, 2004] andzhang et al, 2014]. Renshaw interneurons the earliest populations to be defined
physiologically [Renshaw, 1946] and for which transcription factors marking them have been
isolated (Renshaw interneuronsexpress Ocl, Oc2 and MafB, [Stam et al, 2012¢}t tHiese two
physiologically defined subtypes represent only a small fraction of the parental V1 population
[Alvarez et al, 2005], implying a greater diversity within V1 neurons yet unexplored. Moreover,
molecular diversity remains unexplored even withinctionally defined populations, a case best
represented by the known morphological heterogeneity residing among Renshaw interneurons

[Fyffe, 1990].
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V2 interneurons are labelled initially by expression of Lhx3, and comprise ipsilaterally
projecting excitadry V2a neurons [Crone et al., 2008], inhibitory V2b and V2c neurons [Panayi
et al., 2010]. V2a and V2b cells are labelled by Chx10 and GATA3 respectively and are generated
in equal numbers through a Notdependant mechanism [Okigawa et al, 2014], additio
transcription factors regulates the balance between-\R22a types and contributes to
diversification [Del Barrio et al., 2007]; [Joshi et al., 2009]; [Lee et al., 2008] (Figure 1.4c). V2c

are labelled by Sox1. It is likely that additional diversifioatremains within these populations.

Lastly, V3 interneurons are a major group of excitatory commissural interneurons in the
spinal cord, generated from the ventmadst progenitor domain that later migrates dorsally and
laterally [Briscoe et al., 2000[¢oulding et al, 2002]; [Zhang et al, 2008], [Carcagno et al, 2014]
(Figure 1.4d). These neurons selectively express the transcription factorrsinded 1 (Siml)
upon becoming postmitotic [Zhang et al, 2008], [Blacklaws et al, 2015]. Cell types wigin V
interneurons have not yet been characterized, however, in the mature mouse spinal cord Siml
positive V3 INs gather into anatomically and electrophysiologically distinct populations located

in the lower thoracic and upper lumbar regions [Borowska e2@L3].

In conclusion, several studies have addressed the issue of interneuronal diversification for
many of the ventral progenitor domains, but the extent of neuronal heterogeneity still remains to
be fully explored. Even more, in a cardinal domains siscWl more than eighty percent of its

diversity remains unknown.
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Figure 1.3. The development of spinal progenitor domains and the specialization of motor pools.

(a) Schematic representing the influence of Shh on the specification of ventral neuronal fates in the
developing mouse spinal cord. The more dorsal the location of the progenitor domains in vivo, the lower
the concentration of Shh, this in turn inducesrogal subpopulations in vitro (adapted from [Jessell,
2000)).

(b) Schematic crossection of the mouse spinal cord at E11 showing eleven early classes of postmitotic
neurons. dit dI5 populations are originated from dorsal progenitors (sensory spihalgza), whereas

di6, MN and VG V3 develop from intermediate/ventral progenitors (locomotor pathways) (adapted from
[Goulding, 2009])

(c) Expression Patterns of Hox genes in the hindbrain and spinal cord. Each Hox gene is expressed in
discrete rostrocauddiomains within the hindbrain and spinal cord. Color coding of Hox genes represents
expression domains along the rostrocaudal axis (adapted from [Philippidou and Dasen, 2013])

14



(d) Expression of Hox4Hox11 genes in the spinal cord parallels motor neuromawn and pool
specification. Motor neurons in the lateral motor columns at brachial and lumbar levels further diversify
into more than 50 pools innervating limb muscles (adapted from [Philippidou and Dasen, 2013])
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Figure 1.4. Spinal interneuron diversity.

Diversification of different interneuronal populations in the spinal cord (adapted from [Arber, 2012]).
(a) - (d) Populations contained within each cardinal domain\(2Q

(e) Function presumed to be performeg éach population, resulting from genetic perturbation

experiments.

Functional correlates of ventral interneuronal diversity

We have reviewed a series of genetic studies that aim to identify meaningful cellular types
within each cardinal interneuronal paation. However, such assessments must always link
molecular phenotype with electrophysiological experiments to determine the functional correlates
of each population. Alternatively, ablation or silencing studies could shine light on the significance
of types in terms of alterations to behavior (see [Goulding, 2009]; [Kiehn, 2011]; [Stepien and
Arber, 2008]). For example, inactivation of Dbx1 gene in mice was used to determine the role of

VO interneurons, establishing their necessity for proper coordimafileftright alternation during
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fictive locomotion [Lanuza et al.,, 2004]. Genetic inactivation of cholinergic VOc population
suggests a modulatory role of motor neuron firing frequency and muscle activation and selective
behavioral defects in motor germance during swimming but not locomotion [Zagoraiou et al.,
2009]. Genetic ablation of V1 interneurons slows the speed of rhythmic locomotor output
[Gosgnach et al., 2006], but in the absence of information on the diversity and connectivity of
componentV1 subtypes, the circuit logic that underlies such aberrant motor behavior has been
difficult to resolve. Genetic ablation of V2a interneurons demonstrates that they serve an important
function in the control of leftight alternation and are required meaintain robust locomotor
patterns [Crone et al., 2008]. Finally, the less explored V3 interneuronal population is also needed

to maintain a stable locomotor pattern [Zhang et al., 2008] (Figures 1.4e).

These experiments raise several open issues forefuésearch. First, individual spinal
progenitor domains are the source of many functionally diverse neuronal subpopulations.
Perturbations therefore affect multiple descendant populations en bloc and may lead to defects that
are difficult to interpret. Mag targeted genetic interference at the level of individual populations
will be possible as soon as developmental maps are more closely aligned to subpopulation maps

defined by electrophysiology and connectivity.

In summary, these studies have informedgéeetic identity and functional relevance of
distinct sets of interneurons that are necessary for controlling motor neuron activity during
behavior. Nonetheless, individual cell type identification have proven hard. As a consequence, no
connections haveey been established between a unique cell type and its behavioral function, a
case best exemplified by perturbations performed on the entire V1 population known to contain
Renshaw and la inhibitory interneurons; it is difficult to predict how coincidiéntnation of

both population affect behavior. It is worth noting that functional subtypes of interneurons appear
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to occupy stereotypic settling positions within the intermediate and ventral spinal cord [Thomas
and Wilson, 1965]; [Hultborn et al., 1971Hdighes et al., 2005]. But it remains unclear whether

the construction of interneuronal circuits takes advantage of neuronal settling position to establish
local connectivity; a strategy used by motor neurons to form stereotypic patterns of proprioceptive
input connectivity [Surmeli et al., 2011]. Finally, it has yet to be resolved if the local circuits that
control motor output adhere to a canonical wiring diagram, reiterated for each motor pool

independent of the biomechanics of its limb muscle target.

1.5 Computational assessment of cellular diversity

To elucidate the organization of interneuronal populations in the spinal cord, an assessment
of cellular heterogeneity has to be calculated. Estimates of cell type diversity can be obtained
through a number ofoanputational approaches. We provide here a brief review of these methods,

organizing them into major research lines.

Computational methods employ clustering algorithms to arrange group of neurons into
known classes or to identify the classes themselvesn wieasurements from features describing
individual neurons are available (see [Armafianzas and Ascoli, 2015], for a recent review). These
methods are effective, but have drawbacks. Current analysis based on clustering techniques are
suboptimal, either beoae they are based on general data analysis methods, or because they do
not adequately separate signal from noise. Relying on hierarchical clustering and dimensionality
reduction methods (such as PCA 8NE; [Macosko et al, 2015]; [Jaitin et al, 2014%r{in and
van Oudenaarden, 2015]), these general methods do not model the nuances of the data collection

process and depend on fiheed parameters to analyze each individual dataset. More concretely,
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it is challenging to use hierarchical clustering methta determine the number of cell types
automatically because their inferences can be sensitive to the choice of similarity measures
[Augen, 2005]. Even more critically, neither the account of uncertainty of estimates, nor the
integration of different soges of information is involved in the aforementioned methods. In
addition, a large number of cells need to be assessed to thoroughly sample and estimate the true

extent of cell diversity within a population.

A different set of computational approachesdobgn deconvolution algorithms have been
used to characterize cellular diversity from information about gene expression profilesJ@hen
and Gaujoux, 2013]. These can be divided into two major methodologies: Regression or matrix
factorization approache®egression approaches can be applied when the expression profile of
cell types of interest is known a priori [Wang et al, 2006]; [Abbas et al, 2009]; [Gong et al, 2011];
[Zuk et al, 2013]; [Grange, et al, 2014]. To overcome this limitation, a differezadbn of
regression algorithms relied on the premise that particular genes are expressed in only a single cell
type [Gaujoux and Seoighe, 2012]. In cases in which cell types exhibit highly correlated
transcriptional profiles, such optimization methodstfailesolve inherent heterogeneity. Different
attempts to overcome this limitation by grouping candidate cell types with similar transcriptional
profiles into classes can infer diversity at a class level, but lack the ability to identify individual
cell types [Bullman et al, 2013]. The cases enumerated so far do not represent the general

biological situation and are not applicable when the objective is de novo cell type discovery.

In contrast, matrifactorization approaches become relevant when cell éypeession
profiles are not known [Repsilber, 2010]; [Erkkila et al, 2010]; [Bazot et al, 2013]; [Zhong et al,
2013]; [Liebner et al, 2014]). However, these methodologies fail to adequately describe the

underlying diversity, because under many conditionmnite number of equally valid solutions
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exist for a particular dataset. This problem is accentuated when presumed cell types are present in
a set of solutions but absent in a different one, making it impossible to assert any precise conclusion

about heir necessity to explain the data or their prevalence within the parental population.

Lastly, fueled by recent advances in sequencing technologies and RNA library
preparations, clustering algorithms are usedistinguishing neuronal cell types from gems
wide approaches that assess mMRNA expression pripfigeskinet al, 2015]; [Zeisekt al, 2015];
[Macosko et al, 2015]; [Tasicet al 2016]. Nevertheless, documented dissociations between
MRNA and protein expression [Gyefi al, 1999]; [Vogel & Marcote, 2012] emphasize the merits
of analysis of protein expression at the level of individual neurons [Shetrisla2015]. But if
many genes are involved in defining individual subpopulations, then the validation of proetein co
expression will be constrainday the limited repertoire of primary and secondary antibodies. As
such, current computational approaches are not sufficient to tackle the problem of identifying

interneuron diversity.

We will see in subsequent chapters thatprinciple, the previously dlined practical
limitations might be overcome with the development of statistical methods that are able to resolve
the extent of neuronal diversity from sparsely sampled transcriptional datasets. We therefore
sought out to develop statistical methods tégaof revealing underlying diversity given
incomplete data samplinga common problem in biological systems, where complete descriptions
of cellular characteristics are rarely available. Such a method might be expected to provide: (i) an
objective measwrof confidence in the existence of cell types and their prevalence within a parental
population, (i) improvement in estimation accuracy upon integrating independent cellular
characteristics with molecular phenotype, and (iii) informative predictionsginde further

experiments to improve estimates of cellular diversity.
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Chapter 2

Molecular characterization of V1 spinal

Interneurons

2.1 Introduction

V1 interneurongepresentalmosta third of all inhibitory interneurons within the ventral
spinal cord.They are necessary for the regulation of the locomotor step aydléhe shapingof
motor outputs during locomotion [Gosgnach et al, 2008jile this class is known to contain two
physiologically defined interneuron subtypes, Renshaw and group laeatens that mediate
recurrent and reciprocal inhibition of motor neurons, respectively, these constitute only a small
fraction of all V1 interneurons.hie total mmber of cell types within V1 arttieexact contribution

of individual V1 interneuron cell type® regulating locomotion remains to be determined.

In this chapterl describe the molecular clzaterization of V1 interneurons by the
transcription factor profile.By using immunohistochemical measurements, we assess the
prevdence of each factor within the parental population, as aglairwise coexpressiomo
assess thextent of diversity whin this populationywe resort to a statistical framework capable
of inferring the underlying cell types by assigning the mostyliledpression profilesonsistent

with the datawhile assigningconfidence on their existence. Finally, we show fast pairwise

20



transcriptional informatiors not enough to delineate the full cell typpesoire withhighenough

confidenceanissue that we will address subsequent chapters.

2.2 Results

2.2.1Transcriptional diversity of V1 inhibitory interneurons

To explore the diversity of spinal inhibitory interneurons we compared the gene expression
profiles of En1 V1 and PtfladI4/dILA interneurons$aueressig et al., 1999Sapir et al., 2004
[Glasgow et al., 2005Figure 1.6 V1 interneurons provide prominent synaptic input to motor
neurons, whereas dI4/dILA interneurons shun motor neurons and instead selegtteemsoals
asventral targetsBetley et al., 2009 [Goulding et al., 2014]We reasoned that a comparison of
these two inhibitory populations, each settling in a different dorsoventral position and forming
distinct postsynaptic targets, should reveal genesfithetionate the parental V1 and di4/dILA
populations, while excluding generic markers expressed by both inhibitory populations. We
focused this analysis on transcription factors (TFs), given their roles in specifying neuronal
sulitype identity and connecity [Dalla Torre di Sanguinetto et al., 2QQAmamoto and Arlotta,

2014]

The V1 and dI4/dILA interneuron sets were isolated by fluorescence activated cell sorting,
from spinal cords dissociated froBnl:.cre; Rosa.lsl.eYFRndPtfla::.cre; Rosa.lsl.e YIF mice
respectively. To accommodate the possibility of dynamic changes in gene expression, microarrays
were performed at three different agexl2.5, p0, and p5a developmental window that covers
the emergence of interneuron identity and the formati@ymaptic connections (Figuresb, 9.

Comparative microarray analysis identified 56 genes that encoded TFs witlold ®Brichment
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in V1 interneurons (mean V1:dl4 enrichment: 74.5; range: 3.1 tef 930 d ; p Owa®. 02 by
ANOVA) at one or more delopmental stages, and 160 TF genes with-éofeBenrichment in
dl4/dILA interneurons (mean dl4:V1 enrichment: 38.5; range: 3.1 tef 7841 d ; p O 0.02

way ANOVA). We focus on diversity within the parental V1 interneuron population.

Analysis of gem expression databasa&del et al., 200} [Sunkin et al., 2013jjevealed that
32 of the 56 V1 TFs exhibited mosaic expression in the embryonic (e1%.5) or neonatal (p4)
ventral spnal cord Two additional genes, MafA and Prox1, exhibit scattergutes€on in the
ventral spinal cordNlisra etal., 2008]; [Lecoin et al., 2010pnd were therefore included in
subsequent analyses. From these 34 candidates, we focused on 19 TFs for which we were able to
generate (FoxP1, FoxP2, FoxP4, Lmo3, MafA, Nr3¥a2, Nr5a2, Otp, Pou6f2, Prdm8, and
Sp8) or obtain (bhlhb5, MafB, Nr3b3, Ocl, Oc2, Proxl, and Zfhx4) antibodies that permit

immunohistochemical.

Where possible, antibody specificity was validated by showing an absence of staining in
knockout animalsAntibodies previously confirmed to be specific against koot mice include:
antiBhlhb5 [Ross et al., 2010], antiFoxP1 [Surmeli et al., 2011];Mu8b2 [Chen and Nathans,
2007], antiOnecutl [Wu et al., 2012], and afidm8 [Ross et al., 2012Additionally, all FoxP2,

Sp8, Otp, and Pou6f2 antibodies used in this study were validated against knockout mice (Figure
1.6d-g and data not shown). The Sigma rabbit-MdafB antibody recognizes MafB, but may also
weakly detect other Mdamily members (F.J.Alrez, unpublished observation), as
immunoreactivity is not completely abolished in MafB::GFP homozygous null mice. In cases
where knockout mice were unavailable, we confirmed that the pattern of immunoreactivity was

consistent with previously published pgssion data obtained from the Allen Brain Institute
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(Figure 1.6h0), Website: ©2012 Allen Institute for Brain Science. Allen Spinal Cord Atlas.

Available from: http://mousespinal.bramap.org/.

To evaluate the prevalence of these 19 TFs within the f@déh population we marked V1
interneurons by LacZ expression Bml:.cre; Tau.lsl.nlacZEnl.nLacZ) mice, and performed
dual immunohistochemical analysis with antibodies directed against LacZ and each TF
individually. We focused our analysis on p0O lumbpinal cord, a time after the specification and
migration of interneurons is complete but before extinction of expression of many developmentally
regulated TFs. We found that all 19 TFs were expressed in subsets mteXfieuronswith the
incidence of gpression ranging from 5% (MafA) to 74% (Lmo3) of theguaal V1 population
Conjoint exposure to antibodies directed against 14 of these TFs marked 90% of V1 interneurons
in pO lumbar spinal segments, indicative of reamplete coverage of thengatalV1 population
In addition, we detected expression of 12 of the 19 V1 TFs within subsets of V2atayci
interneurongthreshold: 3%; range:-82% of parental V2a interneurons), indicating that this set

of TFs reveal diversity in both inhibitory and etetory interneuronéFigure 1.7a)

Next, the extent of caexpression was determined feariousbinary TF combinationsby
performing triple antibody stainingvith each pairing gated to tA+ neurons in pO Enl.LacZ
mice (Figure 1.7kc). Out of 171possible TF combinations, we were able to measure 148; the
complete analysis was hindered due to antibody incompatjbitityvhich primary antibodies
generated in the same host species cannot be distinguished easily by fluoréasggaty
secondary antiddies fost cereactivity). This analysis identifiedour TFs - FoxP2, MafA,
Pou6f2, and Sp8delineatinghonoverlappingsetsthat cumulatively comprise 64 of the parental
V1 population.Given this single and pairwise TF information, we then resort stasistical

formalism to estimate the entire profile of possible cell types consistent with this data.
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Figure 2.2.Prevalence of Identified Transcription Factors within V1 Interneurons.
(a) Measured fraction of Enl+ neurons labeled by each of the 19 individual transcription factors,
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2.2.2A sparse Bayesian approach for uncovering neuronal
diversity

We developed atatistical analysis of V1 interneuron heterogeneityrmed, initially, by two
sets of data(i) the fraction of neurons within the V1 parental population that expressoédod
19 transcription factors(ii) the fractions of neurons eexpressingvarious pairs of these
transcription factors (We will see in subsequent chapters tmsitignal distribution of V1
interneurons expressing each of thenscription factors was highly informative to coast our
inference procedureT.he goal of this angsis is to determine the number of cell types needed to
explain the expression and-egpression datdt is not yet tractable experimentally to delineate
all higherthanpairwise transcription factor combinations, given the vast number of potential
combhnations and limitations in antibody and fluorophore repertoire. We therefore developed an
approach that permits statistical inference on the basis of partial analysis of the parental V1
population. Such inferences can be used to indicate which subsgiteatd higheorder genetic
combination are most informative for further experimental study. This last feature has proven
useful even at the pairwise level, since complete cytochemical analysis of all transcription factor

pairs is hindered by ahbibdy ncompatibility

In this statistical analysis, a cell type is defined by the pattern of expression of the 19
transcription factors under consideration. We characterize transcription factors as either expressed
or not expressed, and thus each expressioarpafor example pattern k, is specified by a vector
of 19 binary numberslk s with a ranging from 1 to 19Jais set to 1 if transcription factor a is

expressed as part of expression pattern k, and to O if it is not. This resiftpasgble binay
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expression patterns for 19 transcription factors. This large number can be reduced by eliminating
combinations that include pairs of factors never observed to {expessed within the same
neuron. Our analysis of the pairwise expression data revelade¢d6? out of 148 measured
transcription factor pairs fail to eexpress (Figur@.2b-c). In fact, the criterion used to identify
absence of cexpression wat consider any pairwise fractional value below one percent to zero.
This informationreduceghe potential diversity to 1,97&tential expression patternbhus, for

the variablesk a specifying expression patins, k runs from 1 to 1,978.

We assigned expression patterns to these cell types under the assumption that the total number
is far fewe than the 1,978 potential expression patterns (and thus potential cell types). To achieve
this we introduce celiype fractionsfk, with k again ranging across all the potential esgion
patterns (1 to 1,978Jk is the fraction of V1 interneurons with expression pattern k (equivalently,
the fraction of neurons of cetype k). Celitype fractions must be positiv&k@ 0) and sum
(S« fk = 1), indicating that the entire V1 population is accounted for. Tiidraof V1 neurons

expressing transcription factafthe data in Figure 2.2a) & fk Jk,a and the fraction cexpressing

factors a and bd@a in Figure 2.2b) iS« fk Jk.a b

The cell type not expressing any gene

Since the cell type not expressing any transcription factor has ddhit®efficients equal to
zero, its presence in the previous sums would have no contribution and can therefore be excluded.
Nonetheless, its fraction in the population can be computed indirectly by subtracting from 1 the

sum of all the other cell typds7s= 1- S fi.
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Mathematical formalism

Mathematically, we represent the measasured values for each transcription faesiv
and the st andaand accoaling vath ouo previaus definitionsl.Ns a linear
combination of the unobserved populations of cells expressing all the possible binary Jectors
plus Gaussian nois&imilarly, measurements on the fraction of neurong)qmessing pairs of

transcription factors are denoted by.Ma n d, répresenting means and standard deviations.

M= Scfcdka + a U GDN( @) G a=1,..,19
MZap= Sk fk kadkp+ apU UsDN( G 0 ab=1,..,19
(2.1)
Subject to:
0 G.1, 0O0OM?%, 01, kOO0, SfO1
(2.2)

Fitting data within this framework amounts to choosing a set ofyjadl fractions that provide
a good match to the expression aneegpression data and that satisfy the positive /-8uome
constraints. How can the results of such a fit best be evaluated? The numberzefonmrfierred
cell type fractions determines the predicted number of cell types handatiablesk.a for a = 1,
..19andforkvalueswilhi O, determine the expression patt
reality, however, the interpretation of this model turns out to be more nu@efede searching
for a resolution for the inferred cell types, we rewrite the equatio(®.1) in a more compact
representation by dividg by the noise standard deviation and grouping the-zevo

measurements as a standardized linear regression problem.

Yi=Scokifc« + i U; UOUDN(O0% &6 i=1,..148,k =1, ¢é., 1978
(2.3)
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Subject to:

0 OO Y1fiO 0Sfk=1 and S Ok,afk O o
(2.4)

in which the vector Y represents our measured dagai Ma,normalized by the corresponding
Uaa n dy add g are the normalized céfecientsJqa or Jk.a Jkp. Additionally, we impose the last
constraint in 2.4), in contrast toZ.2), for all indices A for which the correspondingdnd Map
are different from zero, requiring nexero mean predicted values for rpero measured

populations.

Non-Negative Cortsained Least Squares

In principle, the model could be fit to the observed data by minimizing the summed squared
difference between the measurements and the predictions generated by the inferred fractions. This
methodology amounts to a naoegative constrained least squargNNCLS) minimization
problem Wang et al, 2006 [Abbas et al, 2009[Gong & al, 2011]; [Grange, et al, 2014]

fe=argmin" Y 1 "R f
(25)
Subiject to:

kO 0SfkO 1 Skoafn@ i B
(2.6)

WhereY, fandQ are vectors and a matrix with compone¥tsfk andqgix. The last constraint in
(2.6) replacesq.4) in our implementation, to comply with the inequality when using a numerical

convex solver; we constrain the infedmmeasured values to be vittlthreestandard deviations of
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their measured mean, which is reasonably conservative given the Gaussian noise model. For
approximate solutions to this type of optimization problems, which scale well when the dimension

K of the vectoff is large, see [Zulet al., 2013]In our case, K=1978, and the problem was still
amenable to exact solutions. As26)impose gparsity ASS O,

[Tibshirani,1996]; [Meinshausen et al., 2013]

The NNCLS approach fails to describe adequatiedy extent of V1 interneuron diversity,
because despite the constraint of nonnegatarnity the sparsity impositipan infinite number of
equally valid solutions exist for our transcriptional data. Indeed, for any single presumed cell type
it is possibleto find alternative solutions that exclude this cell type while maintaining an optimal
summed squared differende explore the dirent solutions that achieve the same squared error,
we d &Y anef™as theminimum and maximum values &% amorg the solutions to (5)

(6). These values can be obtained by solving K convex quadratic problems:

fkmin =minf fk
(2.7)

subject to

26)and Y T "R Y 1 G f
(2.8)

and similarly forfy™® Solutions to these optimization problems are calculated using the CVX
package [Grant and Boyd, 2018]"®andfy™" provide bounds for the fractional values each cell

type can achieve, in fact, for our transcriptional data, these baumeddely separated, indicating

a high degree ofiorruniqueness of the solutioMoreover all fi™" values computedre zero,
indicating that no cell type is essential to

to provide a principled sans of quantifying the uncertainty associated with each inferred cell

type.
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01g ‘ - - ‘ ' Figure 23 Bounds on the fractional values
— M\ | achieved by the NNCLS solution computed
42 \._E___ using transcriptional information.
g'c;f’-‘” + Due to the notuniqueness of the NNCLS
Q solutions, eaclkkomponentan in general take
© many values while the overall solution
_§ 0001l maintains the same squared error. The
S minimum and maximum values of each
0 fractioral values(f™" and ¥, respectively)
are indicated by blue and red dots. Cell types
0 0 o0 wo are sorted in arer of ™ and we are only

Cell Type displaying the first 300 more important.

Sparse Bayesian Formulation

We therefore resorted to a Bayesian approach in which the unknowgpeelractions are
modeled as random variables, allowing their uncertainty tehagacterized by a probability
distribution. The use of a prior distribution enables previous knowledge and expectations to be
incorporated into the model, and a likelihood function reflects the probability that the observed
data were generated by the mbd&mbining the prior with the likelihood generates a posterior

probability distribution that provides a level of confiderabout the inferred results.

As a biologically plausible prior distribution over ecglpe fractions, we chose to employ a
constraned i s p-anksl a b o d i Mitchell bnd tBeauchamp, 19B8[George and
McCulloch, 1993; [Ishwaran and Rao, 20D his prior incorporates the biologically reasonable
assumption that only a small fraction of the 1,978 potential cell types willlgotuast within the
parental V1 population. Under this prior, many of the-tbgike fractions are forced to be zero, with
the consequence that only a small subset of the potential expression patterns is required to explain
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the measurements. The constrdispikeandslab prior also enforces the obligate ngativity
and surrto-one constraints on cellype fracions Combining prior and data likelihood using
Bayesod rule results in a posterior distribut

existence and identity of cell types can be extracted.

More concretely, in order to obtain a sparse solution fofiivee introduce binary variables
b« = 0, 1 and continuous variableswith prior distributions:
pbdca)=a“(1m&)

p@B=N(0 U
(2.9)

such thafc=bx z .The binary variabléi s r esponsi ble for thwe spars
havebx = 0, which leadgo fk = 0. The \ariablesz are introduced for mathematical convenience

and keep track of the valu#éisat fx can have whenevds = 1. Their prior distributiorN(0, U),

repect s dautrthe baduesithatfnarerodd s t ak e . Hypreld gratreatetie t er s

as random variables and their prior distribut
determined by the data while exploiting the advantages of a Bayesian form@atimaour noise

model is Gaussian, the likelihood of the observed datayadratic orf:

p (Y-' Q; f) 0 eTlZ‘ NjQ b+ yQ\j
(2.10)

Using Bayes theorem we can compilitelog posterior distribution oveb, z, a, 3:

logp(b, z,a¥ Y, Q) =logp (Y Q,f)+logp (b~ &) +logp (z~ B) + const.
= TINYIf+YNDFi —+'b=Tlog@@)+"b=01 o ga)+tanst.

(2.11)
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However, he posterior distribution cannot be computed directly, necessitating the use of a
computational inference method based on Mont@oGampling [Gelman et al, 2013[he Monte
Carlo approach draws random samples from the posterior distribution. Given a large number of
these samples, we can compute properties of the desired posterior distribution numerically,
analogous to rolling a die repeatedly to determine theghibty of each face appearing, rather
than deriving that the probability is 1/6. To perform this computation we adapted a Hamiltonian
Monte Carlo (HMC) algorithm that is specialized for constrained spildslab posteriors and

permits efficient samplinffom our posterior distribution®akman and Paninski 2013, 2014]

SamplingAlgorithm

Sampling from the posterior distribution gives us a computational method for inferring
guantities of interest such as the posterior inclusion probability (confidentiee necessity of a
cell type to explain the data), fractional values (with its mean and variance), etc. Since this is a
complex distribution with many variables, weoptl a Gibbs samplmprocedure [Gelman et al.,

2013, which consists in successivedgmpling from the conditional distributions:

p(@b)® ab=I( 1ayb=0=Betalb=1 +1,’b=0 +1)
pBG 28 Q & = InverseGamma(1iz/2)
pb,z Y,Qal)  Faf B+ YNDFT —
(2.12)
The yr st t wan ke isasnpledifrbmuusingostarslard tools. The méfstuwlt
step is sampling from the mixed binaBaussian distribution, where we should impose the

constraints:
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200 , xkbzO1 k Qkbkz > 0 , a8 explained before.
(2.13)

To sample from this distribution, wese the technique developed in [Pakman and Paninski,
2014, 2013]based on the Haitonian Monte Carlo (HMC)This is a Markov Chain Monte Carlo
(MCMC) algorithm that uses ideas from particle dynamics to safmmhe complex probabili
distributions (see [Neal, 201@r a review).The HMC algorithmproposes to write a Hamiltonian

function in terms of the probability distribution we want to sample.

H(a, p) = U(a) + K(p)
(2.12)

Where U(q) is the potential energynd will be defined as minus the log probability density of
the probability distribution that we wish to sample, plus any constant that is convenient.
Additionally, we must introduce auxiliary momentum variablesK(p) is called the kinetic
energy, ands usually defined as
K(p) =29 M'*p
(2.13)
Writing the kinetic energy in this forrmorresponds to minus the log probability density
(plus a constant) of the zermnean Gaussian distribution with covariance matrixTie HMC
method alternates updating the momentum variables with Metropolis updates in which a new state

is proposed by computing a trajectory @ating to Hamiltonian dynamics [Neal, 2010]

For constrained binar@gaussian distributions, HMC is particulasffi cient and explores
the sampling space much faster than competing alternative approaches, such as Gibbs or random
walk MetropolisHastings. At the root of thisffeciency lies a map of the binary variables b into
continuous variableshich leads to th dynamics of a particle in a piecewisenstant, constrained
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guadratic potential, which hagact analytical solutions (see [Pakman and Paninski, 2014, 2013]

for details).

Briefly, to sample from themixed binaryGaussian distributionf 2.12 | et 6 s expl i c

write the prior using the spikendslab formalism,

N "Qagh e —0" for b = +1,
U(fi) for by = +1,
(2.13)
We are interested in sampling from gesterior, given by:
NGRS © 1 G son ey
0" —
8 5 1060 p G ¢
¢t
(2149

Where subscripts + anattivelinactive groupsbt =tllorel s ubsp
respectively).To samplefrom this distributionmore efficiently, we take two stepBirst, we

replace the delta function by a simitdabfactor:

q

S
1 Q0 cp_TC'QcTC for bk = +1
-

(2.15)

Secondly, we agment the distribution witf variables such ad = sign(y) and sum over

b. This gives a distributian
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Where the values ob in the rhs are obtainedy taking signy). This is a piecewise
Gaussian, different in each orthantypand possibly truncated in thepace Sampling from 2.15
gives us samples from the original distribution 2.11 using a simple rule: eack pgiy becomes
(f« , bk =+1) ifys O 0 fa=s@ b€ T 1yk< A Thisreverse the transformatianthe
identificationbx = signfy) takes us from i(y|Y, a ) to pf, b|Y, a ,2), &hd settindk = 0 when

b« = Tetlerse the slab transformation

Using this posterior distribution as the potentiahergyand introducing momentum

variables g, we cantake advantage of the HMC method by writa¢damiltonian as:

(2.14)
o 2o 5 2oesa B v 2o
C T G T
Pn = P on
—Q"Q —"QQ
¢t ¢t
ww nNn
I ® S|
W pS 5%00 oe€egd o
(2.15)

Whereagain,subscripts tandi d enot e t he subspace of

acti ve

aremomentum variableandy is thevariable expansion introduced to account for the dynamic of

the bk variables.The algorithm alternates between sampling the momentum variables and then,

using these sampled values and the last valfi@a®fnitial conditionssampling new values fdr
The new value dfis obtained bgupposing that particle is moving under the equations of imot
defined by the Hamiltonian, whidbllows the following dynamics

- qg @0 1 oo
Qo )



(2.16)

The trajectory of this auxiliary particlevill continue until its position violates any
constraint These constrains represent boundaries imposed on the movement of the jpaoticle
problem, onstraintsare imposed by equati¢dhl13 enforcingtwo types of boundaries. The first
boundary is violated when the partickadesa region not allowed in state space, as inetrent
of violating xx bkzO 1 xmqgktk z > 0. In this case, the particle niusunce baclat the
boundaryand reverse its momentufhis situation is equivalent to a particle bouncing against a
wall.

Given aconstraintsatisfying a linear relationshiphe general expression for the time at
which a particle reaches boundargiven by variable¥; andh;) is given by the solution of the

following equations:

DLQ Q m
0 * WOEd WAT®Q =
OAT ® - L' QT
A B O
(0] AA'-@T .

(2.17)

B

Where 6 Bo & Buo o - AOATB

. The coordinate violating that

constrain should bounce and change direction. To calculate the change in velocity after the bounce,

we will startby uncoupling the coordinates:
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(2.18)
Rewritingthe constrainas:
L n Q m
VO R T
v T
(2.19)

To obtain the refl ect edKipgetpendidularyo,the tefleedctidGgplane ot e

j and,decomposing the velocity into a perpendicular and a parallel component to this place

n n g U
(2.20)

WhereU —, and| n o.

(2.21)

The secad type of boundary is met when a variajlerosses an octanyk(= 0), changing the
estate of a fractional valdgfrom being active to inactive (afice versq During this transition,

the conservation of energy requires that:

1 O . N o
n ¥ n
C q

(2.22)
and the energy jumy¢ depends ofiand is given by:

1700701010710 m
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If 2.23 results in a positive balance for the kinetic energy, the particle crossgs the
boundary, and if not, it bounces back wgft+j )  =; (t7).q

(2.23)

Wang Landau algorithm to improve sampling

Hamiltonian Monte Carlo algorithms have difficulties moving between regions in the posterior
distribution of low probabilitieslmposing constraintsreates isolated mosgl@n our posterior
distribution which in practice slow the mixing of the HMC Markokain: it is dffi cult for the
particleto move from one regioto anotherThis is caused whea noractive componento = 0)
can only become actived= 1) when it does notiolate any of the inequalities 2.1But for typical
values ofx (dictated byd), thisis not a usual situatioA useful technique to encourage an MCMC
algorithm to better explore isolateegions is simulated tempering [Marinari and Parisi, 1992]
this method, w introduce an additional discrete random variabkeat takes values in=1,...,T

and parametri zes ancthaugmenstbe distebutipreof irderegtase s 6 b

h “:E"'?‘l"ul" clv‘ nl"’?’ h nm"’?’l"ul" Cg;‘jjﬁljbh (‘)
(2.24)

Where

i i A i Ss F

N G D

andnp 6 -.
(2.25)

The distributionr) afchifz¢sfD is not normalized and the constadtsyuarantee the
proper normaliation. Constraints 2.18old for all the values of t. The idea is to build arkés
chain that samples from (2)24nd keep only those samples witk 1. For distributions with

i solated maxi ma, i1he api& .8 heseyvhues mmaks theldistritaitiors
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(225 pat t ert, séwhen the Mgrkoe ahain visits higher temperature states itiogm |

between maxima before returningtte 1. But our case is défent because, asemtioned, the
exploration of diferent regions is hindered by the big values taken.byhe solution is therefore

to lower the temperature, causing the distributiomativez0 s t o peak around ze
smaller values and allowing more components to become active. In order for the Markov chain to
explore each temperatutevi t h e qu al probabi | {in(325) Attwugmee ed t h
direct computatio is dffi cult, we caruse the Wang.andau algorithm\vang and Landau, 20p1

[Atchad’e and Liu, 2010] whi ¢ h up d a tbased dn thevisited Values of t tmachiede

a uniform rate of visits for all temperatures. See Algorithm 1 for debaiggimmary, a typical run

of the Wangi Landau algorithm explore much more efficiently the posterior by inducing fast

mixing (Figure 2.3.
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Figure 2.4 Simulated tempering facilitates exploration of the diversity landscape.

Temperature levels and number of active components in 1000 iterations of the simulated tempering
Mar kov chain. l nverse temperatures is equally
Note the strong correlation between low temperatures and higber of active components.

(a) Temperature level at different iterations.

(b) Number of active components for each iteration.
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Algorithm 1 Wang-Landau
1: Denote x = (z,b,a,72), p(z|t) = p(b,z,a, |y, X)5
2: Set u = 1, initial weights 6, and initial configuration (z!,#!)
3: Set initial histrogram »(t) = 0 for all £.
4: loop
Sample a from p(a|b) ~ Beta(|b = 1|, |b = 0])
Sample 7 from p(72|z) ~ InverseGamma(-)
Sample p(b, zly, X, ¢, 72) using exact HMC that leaves p(z|t") invariant.
Sample a proposal t* = ¢" + 1 from transition operator ¢(t + 1|t) = 1/2, ¢(T' - 1|T") = ¢(2|1) = 1.
Accept t"*! = t* with probability

n+l 4=+ T |4% n
min(l p(a™, )q(t[t*) 6, )

[

? p(Iqul’ tn)q(t*|tﬂ')9t*

. If rejected, set 7+ = {7,

10: 10g 8t¢t"“*’1 «~ 10g Ht#t’“'l — ﬁ
11: l0g Oy < log Oynr + <
12: Normalize: 6, « T ‘9'-9

e Y
13: Update histogram at t"+!
14: if max, [v(t) - 7| < % then
15: Reset v(t) =0
16: U< u+1
17: end if

18: end loop

Algorithm 2.1. Sampling algorithm.

Sampling Procedure

Each iteration of the sampling algorithm generates a set effypellfractions that satisfy the
constraints and provide a good fit to the data. Generated in this way, the number of selected cell
types and their expression patterns vary across iterafibuiiple samples, collected across a
large number of iterations, allow us to infer the properties of the posterior probability distribution.
For example, the proportion of Monte Carlo samples for which a particular expression pattern is
selected (i.e., fowhich the corresponding cdlpe fractionisnoiz er o) det er mi nes
posterior inclusion probability, which serves as a confidence measure of its necessity to explain
the data. We can also compute the distribution of the number of cell typetedeh each iteration:
this allows us to estimate the total number of distinct cell types required to explain the observed

42



data. Repeated sampling also enables us to computecomsktions between calpe fractions;

these are used to constructst bf candidate expression profiles along with the probabilities of
their corresponding to actual cell types. As with an expression pattern, a candidate expression
profile is a 19component vector, with each component representing a different transcription
factor, but now these components are allowed to be real numbers between 0 and 1, instead of
binary. Component a of any candidate expression profile represents the probability that

transcription factoa is expressed as part of that profile.

ComputationdValidation Experiments

We validated the ability of the Bayesian approach to accurately infer cellular diversity by
performing computational crosalidation experiments, as well as experiments on simulated
datasets, for which the underlying cell typesl aorresponding cetlype fractions are known.

Here, we reproduceal leaveone-out crossvalidation tesimplemented by running the algorithm

on datasets obtained by successively leaving out the measurements corresponding to one factor or
pair of factors The predicted values for the fraction of {efit factors can be compared to
measured values. Almost all predicted values lie within 2 standard deviations from the measured
data, showing that we can estimate these values corietification of the abity of the methods

to recover meaningful and accurate estimates of cellular diversity permitted us to apply these

algorithms to V1 transcriptional datasets.
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Transcriptional Cross-Validation
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2.2.3V1 diversity extracted from transcriptional data alone

We applied this Bayesiaanalysis to transcriptional information as outlined above (Figiza
and 2.2h. As discussed above, edtdration of the HMC sampling algorithm generates a possible
set of cell types, but their number and identity vary across HMC iterations. Over the course of the
full HMC run, the number of types selected (those with-nero celitype fractions) ranged fro
25 to 33 with a mean * standadeviation of 29 + 2 (Figure 2.%5al he transcriptional identity of
the selected cell types varied widely across different HMC iterations. For example, if two iterations
each resulted in 30 selected cell types, then tylgisaime of the cell types chosen in the first

iteration would not appean the second, and vice versa.

Computing the posterior inclusion probability of each expression pattern across many samples
led to a rankordered list of candidate expression pattefiitee 40 candidate patterns with the

highest inclusion probabilities (i.e. those that appeared most frequently in the HMC samples) and
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their inferred celitypefractions are shown in Figure 2.6khe expression pattern with the highest
inclusion probabily corresponds to the Renshaw interneuron, a V1 neuronal type that mediates
recurrent inhibition of motor neurons [Renshaw, 1946id ceexpresses the transcription factors
Onecutl, Oneut2 and MafB [Stam et al, 2012his analysis also infers the existeraf MafA+

and MafA subsets of Renshaw interneurgpsitterns 1 and 30 in Figure 2)6la molecular
diversity that may correspond to the known morphological heterogeneity exhibitechblpae

interneurons [Fyffe, 1990]

We next addressed the sensitiviiytloese results to the number of transcription factors used
in the analgis, wonderingf the incorporation of additionalFs would dramatically expand cell
type diversity. To assess this possibility we evaluated the extent of diversity that emergée from t
use of subsets of only 11 to 18 of the 19 measured transcription factors. The average number of
selected cell types a value of 29 for the analysis using the full 19 factotsnds to decrease
gradually when smaller numbers of transcription factoes awralyzed. Thus when 16 to 19
transcription factors were incorporated, the number of selected cell types remains relatively
corstant and close to 29 (Figure 2.68a contrast, the number of potential cell types (1,978 for the
case of 19 factors) depenasich more strongly (over almost an order of magnitude) on the chosen
transcription factor daset (Figure 2.6d These findings suggest that Bayesian calculations of
cellular diversity based solely on transcription factor data may already be close torgatuith

the useof 19 transcription factors.
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Figure 2.6. Cell Type Discovery using Transcription Factor Expression Information

(a) Number of cell types selected per HMC iteration (for which the frabtisas nonzero).

(b) Transcriptional profiles of top 40 inferred cell types. Cell types (top) are arranged by
descending posterior inclusion probability (middle). Black indicates TF expression, white
indicates absence of expression. Bottom: fraction of each cell type patkental V1 population

(mean = SD of all nonzero sampled values).

(c) Number of selected cell types remains close to 29 when varying the set of observed TFs. Red
and blue curves denote the maximum and minimum number for different TF sets.

(d) Number ofpotential cell types. Red and blue curves denote maximum and minimum numbers
after reduction by measured TF pairs that exhibit nrexqression.
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2.2.4Clustering Cell Types into Groups

What is the diversity of potential transcriptional expression patteithén the parental V1
population? We detected 131 different expression patterns with posterior inclusion probabilities
greater than 0.05 (i.e. appearing in more than 5% of the HMC samples), of which only the 40
expression patterns appearing most freqyantthe HMC sanples are indicated in Figure 2.6b
The existence of 131 candidate expression patterns for only ~30 cell types (the average number
sdected in each sample; Figure 2.6and the fact that few of the tegpression patterns in Figure
2.6bhawe posterior inclusion probabilities near one, is another indicator of the incompleteness of
the expressioionly data for specifying cetype identity, and thus the nonuniqueness of the

resulting solutio (recall the NNCLS solutign

We constructeadandicate expression profiley clustering the 131 most likely expression
patterns into &égroupsao. A group is defined
conditions: (i) the members of a group express similar sets of TFs (Figure 2.7a), and (ii) in all or
almost all of he HMC samples, only a single member of a group is selected (i.e. haszaraon
cell-type fraction), although different members may be selected in different samples (Figure 2.7b).
The second condition causes the members of a group to be negativelytednatlh each other
(Figure 2.7atable on the right These conditions imply that a group is likely to represent a single

cell type with an uncertain expression pattern, rather than multiple cell types.

We developed a recursive algorithm for constructingh groups. All candidate expression
profiles with inclusion probabilities greater than 5% were assigned to groups, with most groups
having only a single member selected across all of the HMC samples, and no group having more

than one member selected 8% of the sampled={gure 2.79. To examine the robustness of the
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inferred groups, we systematically varied the threshold for selecting the list of candidate
expression patterns from which groups were constructed. As this threshold is lowered, the number
of groups first increases linearly because each-ragked expression pattern spawns wgo

group (Figure 2.7¢c However, this growth slows as lowenked patterns join existing groups.

The result is that the number of candidate groups depends onlyweeetkle inclusion threshold,

once the threshold is sufficiently low and sufficient expression patterns are included. With an

inclusion threshold of 5%, the clustering algorithm identifies 35 groups (Figted)2

Each group gives rise to a single dalate expression profile (Figure8a-b), and for each
profile we assign an expression probability to each transcription factor, weighting the binary
expression patterns of each member of the group by the frequency with which it appear in the
HMC samplegFigure 2.8h top). In addition, we compute a posteiimiusion probability (Figure
2.8h bottom) for each candidate expression profile, which gives the probability that the expression
profile should be designated one of the inferred cell types. Thermwsnhclusion probability of
several of the candidate expression patterns is close to one, much higher than the inclusion
probabilities of the corresponding candidate expression patterns fromtivlichre constructed
(Figure 2.6h. Nevertheless, theiis still considerable uncertainty in the identity of the cell types

predicted by the transiptional data alone (Figure 2)8b
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Figure 2.7 (preceding page)Deyni ti on of <clustering algorithm
correlated cell types.

@ Met hodol ogy used to classify cell types i
Transcription factors expressed by members constituting a particular transcriptional only group
(group 18, Figure 2). Right, negative sample correlation: ezoselation values calculated from

the time series corresponding to the presence or absence of each group member in the set of
selected cell types (values correspond to group 18).

(b) 100,000 iterations of the HMC sampling algorithm, demonstrating the peegelack) or
absence (white) of members of group 18. In each iteration, generally only one of the four possible
members is chosen.

(c) The number of groups scales sublinearly as a function of the number of underlying inferred
cell types, indicating thatanr easi ng t he number of candidate e
small effect on the number of inferred groups.

(d Most of the members of transcriptionally d
depicting the number of transcriptional groupsrted by the fraction of samples in which more

than one member of the group was selected. For 23 groups, only one group member was ever
selected in a given iteration; for all remaining groups, more than one group member is selected in
less than 3.5 peeat of the samples. Similar results were obtained for spatialyy ned gr oups
shown).

(E) Transcription factors expressed by transc
posterior inclusion probability greater than 5 percent. Group mealberarranged in between red
lines.

(F) Posterior inclusion probability for cell types in (E). Cell types are ranked by -dgoeb
inclusion probability.
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Figure 2.8. Clustering Algorithm Arranging Cell Types into Correlated Groups

(a) TFsexpressed by cell types with a posterior inclusion probability greater than 5 percent.

Inferred group members are arranged in between red lines.

(b) Representation of inferred groups. Top: candidate expression profiles derived from the 35 V1
groups. Gray sle indicates the likelihood of each TF expressed within the group. Bottom:

posterior inclusion probability for each V1 group.

51



2.3 Discussion

Spinal interneurons shape motor activity and limb movement, but the organizational logic of
their encoded microauits has remained obscure. By focusiog V1 interneurons we identified
nineteen transcription factotbat delineateextensive diversity within this inhibitory seln
addition, we presenéd an indepth molecular characterizationusing the aforementioned
transcription factoré which dversity is estimated through theeusf a statistical procedure that

infers underlyingcell typesby means o& sparse Bayesian algorithm.

Previous statistical models to extract cell bgo@ e danfogmation from gene expression data
of heterogeneous populations formulatked problem by assuming thaeasured gene expression
levelse are a linear combination ohderlying cell types = «Eix fk+ i (bee[SherOrr and
Gaujoux, 201Bfor a review).When the expressiomr oy | es o f Ekdreeknowre this t ype
equation can be solvddr the population fraction& [Lu et al., 2008 [Gong et al., 2011 [Grange
et al., 2014]Likewise, when the fractiongd s ar e k n solva for thegane exprassion
leve p r.oFinalye svhen only the measuremengs are known, factor analysis/matrix
factorizaton metods can be uBiwaddfc{Edkkiley atdl, 200pt[Gaujoux and
Seoighe, 2012 [Bazot et al., 2013]However, as the case of the NNCLS approach, the solutions
are generally nomnique and extracting biologicaiformation can be challengingithout further
assumptionsThe last consequence is the product of a mathematical indeterminacy in which
inferredfractional values are not uniquely defined, an affine transformation can be applied to them
and, the inverse to their adidate expression profiles. Thasansformedractionalvalues would
remain being a solution of the matrix factorization problemimit significance would be difficult

to understand.
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Our methodesolves the previous challengesdoysideing population fractionsandinstead
of inferring cell type profiles and fractiahvaluessimultaneouslya binary matrixJy, is used,
which enumerates every possible cell type consistent with the @aia.expansion results
beneficialpermitting the usage of all cell types to explain the ,ds¢tecting only the necessary
ones Additionally, the infered valuedk have a clear biologid meaningrepresenting cell type
fractiors. Lastly, by using a Bayesian methodology in which sampling is performed to achieve

inference, we gain the ability to assign confidence interval to each inferred quantity.

The distinctive feature of our approadhge enumeation all of the possible expression
patterns2'® patterns in our case for the 19 genes considered, extetidsgenerakase ta" for
a study involving N genes. We note that this factbnay be prohibitive for applications of the
method to RNAseq data, where a large number of genes are typically tracked. Although
applications in which N is several thousand would appear impractical, it may be possible to identify
a subset of genes expett® be particularly informative about cell type and restrict the analysis
to this subset. Even with a reduced Nn2ay be dauntingly large, but it is important to recall that
in our analysis a preliminary screening reduced the number of expressionghbiter factor of

~265, from 2°(524,288) to 1,978. Greater N values may yield even larger reductions.

Our analysis has identified extensive transcriptional diversity within V1 interneurons on the
basis of the expression of 19 TFs. The first issue tiiesas whether further diversity will follow
inevitably with the inclusion of additional V1 TFs. We analyzed the impact of varying the number
of TFs in our analysis and found only a weak dependence of the number of cell types on the number
of TFs (Figure2.6¢d). Thus, 19 TFs appear sufficient to uncover a substantial fraction of the total

underlying transcriptional heterogeneity.
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Is it possible to characterize V1 interneurons using marker information at the pairwise level?
Candidate expression profileand their prevalence within the parental population have been
inferred from this data. Nonetheless, much uncertainty remains in the assignment of each candidate
expression profile. To resolve this issue, inferred cell types have to be looked undasshefgl
the group assignment. By considering gredipandidate expression profiles, we gain confidence
in the existence of each cell type by exchanging indeterminacy in the expression of each
transcription factor within eacprofile. Otherwise, more informian haveto be provided to
constraininference. This is the purpose of the next chaptavhich information about single
transcription factorsettling position grants us the ability to inferred more accurate candidate

expression profiles.
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Chapter 3

Spatial organization of V1 interneuron

subpopulations

3.1 Introduction

Despite advances in elucidating the wiring of spinal motor systems, the organization of local
circuit interneurons remains obscure. In much the same way thainimabvating motor newns
acquire diverse pool identitiese showed in the previous chapter teatdinal interneuron classes
defined ly transcriptional character fragment into multiple typB®nethelessour inference

algorithm produced estimatef cell diversitywith high uncertainty.

To gain insight into the organization of inhibitory circuits for motor control, in this chapter
we analyze diversity withitheV1 interneuron populatiom light of information relating settling
posiion to transcriptional charactefhe rekvance of neuronal settling position in spinal
connectivity has emerged from studies on the synaptic organization of sensory connections with
motor neurons. Proprioceptive afferents target distinct dorsoventral domains of the ventral spinal
cord in a manneindependent of motor neuron character (Surmeli et al., 2011), and thus the
stereotypy of settling position is needed for the formation of selective sensory connections.
Moreover, different physiological subtypes of interneurons appear to occupy stereetylng

positions within the interediate and ventral spinal cordlyarez and Fyffe, 20Q7 [Hultborn et
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al., 1971] However whether interneuronahicrocircuits use stereotypic patterns afeuronal

positionwhen establishing local micro circuitrgmains unclear.

3.2 Results

3.2.1 Settling position of subsets of V1 interneurons

The notion that V1 transcriptional heterogeneity reflects functional distinctions in interneuron
identity raises the possibility that V1 cell types are clustered in sypiedettling patterns, akin
to the spatial ordeof spinal motor neuron poolS{irmeli et al., 201)1or the discrete domains
occupied bycertainclasses of spinal interneuronshpmas and Wilson, 19§5[Hultborn et al,
1971] Since individual V1 cell typs are defined by as many as 9 TFgure 2.6b, it is not
practical to delineate them on the basis of their complete transcriptional profile. We therefore
assessed the spatial distributions of V1 subpopulations defined by each of e TBs
individually (Figure 3.B) or in a few cases lifie superimposition of two TEEigure 3.1b. These
larger sets of V1 interneurons are each predicted to contdiiplea/'1 cell types (indicated from
the predictions obtained in Figure 2)6kNevertheless, any spatial restriction of these larger V1

interneuron sets indicates clustering of individual V1 types.

We first examined a single case in which an inferred V1 cell type can be delineated by the co
expression of just two TFs, Nr5a2 dafPou6f2 (Figure 2.8) The spatial restriction of this
V1NrsaziPoubizoe|| type revealed a highly stereotyped and localized settling position, with respect to
the parental V1 population, which extlsn~400 m along the dorsoventral and mediolateral axes

in pO lumbar spinal cord (Figure ). Further analysis of the distributions groups ofV1 cell
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typesrevealed that each occupied a domain more restricted than that of the parental V1 distribution
profile (Table 3.1p < 0.00001 by ontailed Monte Carlaest; single TFgated fractional area (Fa)
range: 0.217 to 0.855, dual igated Fa range: 0.085 to 0.365gure 3.2&b). By extension, it
follows that the individual V1 cell types contained within these larger populations must also be

clustered.

We alsoexamined the degree to which subsets of V1 interneurons settle at distinct positions
along the mediolateral or dorsoventral axes of the ventral spinal cord, focusing initially on four
specific populatiors that highlight because of their mutuakclusivengs The VIMa™  \/qPoust2
and VP8 populatiors showed discrete distributions along the dorsoventral and medibtatesa
(Figure 3.2ed and Table 3)1 whereas th&/1FP? populationoccupies a lwader spatial domain
(Figure 3.1aFa = 0.855). Moreovel/17°“¢Z interneurons fractionated into medial Nr5a2+ and
lateral Lmo3+ interneurons, with 93% mutual exclusion, revealing positional segregation with
the members of a single populatiffigure 32¢). A similar segregation along the dorsoventral
axis wasseen within the VI8 which can be fractionated into dorsal Sp8+ and ventral FoxP4+
subsets (Figure.2f). Importantly, anajsis of VI°?® and V1'% populatiors demonstrated that
V1 settling positions are stable from e15.5 to p20, indicating thatevitonal clustering is not a

transient reflection of@velopmental maturity (Figure 32

We also examined whether neurons if%4?and VP8 exhibit rostrocaudal distinctions in
settling position, prompted by the observation that Pitx2+ VO interneurons exhibit rostrocaudal
variation in transmitter phenotype and connectigiong the lumbar spinal cord [Zagoraiou et al.,
2009] The overall posional bias of V62 and VP8 interneurons was maintained withimet
parental V1 domain (Figure 3-&). Moreover, the mean position of V1 cell types gnoups of

cell typesat L3L5 levels of lumbar spinal cord was consistent between animals (RBqiye
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Nevertheless, we detected minor differences in the settling position W%¢iand V£r8
populatiors, with a ventromedial shift for V1“2 and a ventrolateral shift for V18 at
progressively more caudal lumbar levels (Figur&hand3.3de). Thus, V1 interneuron settling

position exhibits overall constancy, but with subtle differences along the lumbar rostrocaudal axis.

In total, this analysis of V1 identity and settling position identifies numerous spatially discrete
V1 subpopulationsseven of which are illustrated (Figure2B. These seven clusters represent
~44% of the prental V1 populationCollectively, these findings indicate that transcriptionally
distinct V1 subpopulations exhibit a high degree of clustering and distinclsgiatictures. They
indicate further that the extent of V1 interneuron diversity goes beyond that recognized previously
within this, or any other, interneuromjpulation in the mammalian CNS [Sanes and Masland,

2015]
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Figure 3.1. Spatial Distributions of Transcriptionally Defined V1 Subpopulations.

(a) Summary of the spatial distributions of parental V1 interneurons and V1 subpopulations gated
to single transcription factors in p0 135 spinal segments. Each of these subpopulations contains
multiple inferred V1 cell types, and is therefore termed a "composite group". Left panels indicate
the position of individual interneurons, while right panels show density contours9Q®th

percentile kernel density estimates).

(b) Analogous spatialistributions for V1 subpopulations gatedwo TFs. Pou6f2/Nr5a2 denotes

a TF combinationhat uniquely defines a single inferred V1 cell type.
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Figure 3.2 (preceding page) Spatial Segregation of V1 Interneuron Subpopulations

(a) V1 interneurons in p0 LB5 segments of Enl.nLacZ mice. D/V axis range: 13265 um;

M/L axis range: 127 to 487, 5th95th percentiles from central canal. Contours represent density
at the 30tkO0th percentiles.

(b) Spatial clustering of V1Pou6f2/Nr5a2 interneurons (blue, Fa = 0.236) (p < 0.000Qailede
Monte Carlo test compared to parental V1).

(c) M/L biases in distributions of V1Sp8 (Xepicenter 216n) and V1Pou6f2 (Xepi = 403)
interneurons. p < 1 xX0-20, Wilcoxon Rank Sum test in-axis, V1Sp8 or V1Pou6f2 vs
V1Parental, and V1Sp8 vs V1Pou6f2.

(d) D/V biases in distbutions of V1Pou6f2 (Yepi = 66 pum), V1FoxP4 (Yept+58 um), and
V1MafA (Yepi=-277 pm) interneurons. V1Sp8 interneurons (Yepi 3Uin2) also occupy a dorsal
position. p < 1 x 1£20, Wilcoxon Rank Sum test ingxis for V1Pou6f2, V1FoxP4, V1MafA, or
V1Sp8 vs V1Parental.

(e) Subdivision of V1Pou6f2 interneurons into medial (Nr5a2+, blue) and lateral (Lmo3+, red)
subsets in pO -4 spiral segments.

(f) V1Prdm8 interneurons fractionate into dorsal Sp8+ (blue) and ventral FoxP4+ (red) composite
groups.

(9) V1, V1Pou6f2, and V1Sp8 settling position at L3 (blue) or L5 (red) in pO mice. p < 0.0001 for
L3 vs L5, 2D KS test.

(h) Constancyof x,y position (mean + SD) for V1 interneurons expressing Sp8 (n = 7),
Pou6f2/Nr5a2 (n = 8), Pou6f2/Lmo3 (n = 4), FoxP4 (n = 7), Nr3b2/Nr5a2 (n = 8), Nr3b3/Prox1
(n = 6), and MafA (n = 7 animals).

(i) Spatial distributions of seven V1 subsets. Contoepsesent 60H#90th percentile densities.
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Pasition-based Position-based

p-value, x-axis p-value, y-axis  Position-based Mean
Segmental #of #of #of (Wilcoxon Rank  (Wilcoxon Rank p-value 3D cell density pairwise
V1subpopulation Level animals hemisections neurons Sum test)* Sum test)* (2D KS test)* Fractional area**  {cells permspmaj d‘\stance{pm]”*
Bhlhb5 L3-L5 6 20 648 1.99E-01 1.96E-12 9.70E-16 0.615 16.4 185.18
FoxP1 L3-LS 7 17 370 6.47E-01 6.03E-05 2.29E-06 0.692 11.4 176.14
FoxP2 L3-L5 7 16 682 2.93E-01 8.24E-05 3.33E-04 0.855 14.6 195.97
FoxP4 L3-L5 7 16 304 1.88E-15 3.83E-30 2.05E-44 0.444 13.8 133.08
Lmo3 L3-L5 3 13 1028 2.50E-03 9.21E-01 2.36E-05 0.855 32.0 184.07
MafA L3-LS 7 21 179 6.29E-01 6.94E-50 1.82E-41 0.217 10.3 126.13
MafB L3-L5 5 14 349 3.75E-02 2.92E-21 1.27E-15 0.602 13.2 206.04
Nr3b2 L3-L5 & 19 296 1.02E-01 6.98E-33 6.32E-32 0.447 10.6 153.40
Nr3b3 L3-L5 5 11 287 1.63E-07 1.19E-09 6.32E-10 0.713 11.3 188.27
Nrda2 L3-L5 8 18 184 1.45E-01 9.16E-02 5.27E-06 0.528 5.4 152.46
Nr5a2 L3-L5 6 25 256 5.64E-24 8.25E-01 5.17E-27 0.542 5.7 181.10
Onecutl L3-L5 7 15 218 1.43E-07 1.35E-34 3.54E-26 0.298 13.6 169.51
Onecut2 L3-L5 5 13 248 3.80E-04 2.52E-28 3.36E-20 0.415 12.2 185.87
Otp L3-L5 6 21 866 1.80E-02 9.31E-01 3.85E-12 0.659 19.6 168.23
Poubf2 L3-L5 6 14 282 1.50E-21 7.79E-33 1.93E-28 0.583 9.9 164.58
Prdm8 L3-L5 6 22 506 2.48E-14 5.88E-01 4.29€E-15 0.648 9.5 209.85
Prox1 L3-L5 12 27 237 2.66E-23 2.05E-15 1.66E-32 0.426 6.3 196.71
Sp8 L3-L5 7 24 384 3.63E-68 4.77E-71 7.29E-88 0.386 12.5 149.33
Zfhx4 L3-L5 4 12 335 4.26E-06 7.50E-02 4.05E-10 0.6e86 11.6 232.65
Nr5a2 + Nr3b2 L3-L5 8 29 51 1.69E-14 2.76E-06 2.45E-25 0.154 3.1 B7.95
Poubf2 + Lmo3 L3-L4 4 16 180 2.73E-48 2.18E-13 8.56E-45 0.365 9.2 123.71
Poubf2 + Nr5a2 L3-L4 8 15 61 9.15E-11 8.56E-21 2.31E-25 0.236 5.2 85.16
Prdm8 + FoxP4 L3-L5 7 20 187 1.25E-02 3.33E-38 1.27E-42 0.260 10.8 102.14
Prdmsg + 5p8 L3-L5 8 23 180 1.49€-47 1.85E-60 2.26E-77 0.286 8.9 104.40
Prox1+Nr3b3 L3-L5 6 22 50 1.68E-26 1.14€E-08 1.38E-31 0.085 8.0 62.17

Table 3.1.Statistical Analysis of Spatial Distributions of V1 Subpopulations.

Summary of spatial metrics and statistical analysis for each of the V1 subpopulativatuep
correspond to comparisons tietdistributions of a given V1 subpopulation and the parental V1
populations. ** All V1 subpopulations covered a significant smaller area than the parental V1
population. (p<0.001 by ortailed Monte Carlo test). *** The mean pairwise distance for pakenta
V1 interneurons is 212.09 um.
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Figure 3.3(preceding page)Constancy of V1Sp8 and V1Pou6f2 Interneuron Position, and
Analysis of Rostrocaudal Spatial Distributions

(arb) Lumbar spinal cords from e€15.5, p0, or p20 Enl.nLacZ or Enl::Cre; Sp8::FIpoERT2;
Rosa.lsl.tdT; RCE.dual. GFP mice show similar dorsomedial locations for V1Sp8 interneurons
(arrows, A) and similar dorsolateral locations for V1Pou6f2 interneurons (arrows, B
independent of age. Scale bars = 100um or 50 pm (inset).

(c) V1 interneuron distributions at single segmental lumbar spinal levels (L3: n = 3 animals, 11
hemisections, 1332 cells; L4: n = 3 animals, 13 hemisections, 1541 cells; L5: n = 3 animals, 8
hemisections, 866 cells). While each segmental level showed a statistically significant difference
in spatial distribution, L5 varied most among the three levels (p-3010r L3 or L4 vs L5; p <

10-4 for L3 vs L4, 2D KolmogorovSmirnov test).

(d) Analysisof V1Pou6f2 interneurons at single segmental lumbar spinal levels (L3: n =8
animals, 12 hemisections, 182 cells; L4: n = 7 animals, 14 hemisections, 227 cells; L5: n=7
animals, 12 hemisections, n = 204 cells). L3 and L4 distributions were not sigtijfiddferent
(p = 0.10, 2D KS test), whereas L5 differed from both L3 and L4 (p < 0.001, 2D KS test).

(e) Analysis of V1Sp8 interneurons at single segmental lumbar spinal levels (L3: n = 6 animals,
9 hemisections, 122 cells; L4: n = 6 animals, 9 hectizes, 124 cells; L5: n = 6 animals, 9
hemisections, 146 cells). Similar to the parental V1 population, L5 varied most among the three
levels (p < 1614 for L3 or L4 vs L5; p = 0.023 for L3 vs L4, 2D KS test).
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3.2.2Incorporating spatial informationto our computational

analysis.

The aforementioned localization @pinal nterneurons in stereotypespatial domains
promptedus to ask whether the incorporation of spatial information can refine edioit&l
group diversity. For thispatial analyis, we divided the ventral spinal cord into 196 bamsl
defined ell-type fractions for each bin.iSilarly, wedivided the spatial expssion data into bins
and generalized the Bayesian analysis described in the previous section to model these spatially

resolved data.

Mathematically, he inclusion of spatial informatiotranslates intcan expansion in each
measuremerindexto accommodate spatial locationiM Likewise, fractional values can now
be inferred in each location of the grid rewritifigasfx, x and, interpretingfx as resulting from
spatial aggregatioffik= x ¥, x Where the sum is over a discrete grid covering the observed region.

Rewriting equations 2.1 but now including spatial coordinates we obtain:

MZa x= Sk fuxJka + GUxDN( GFayd a=1,.,19

MZ b= Skx fkx kadkp+ apU LoébD N( Gap 0 ab=1,.,19
(3.1)

In our formulation, we only expand measurement performed on diragiscription factor
spatial distributions. &uations involving pars of transcription factors retaitheir global
dependencie&ollapsing the spatial component by summing out this dependency) because these

spatial distributios were not measured

65



In practice, the locations of cells expressingngcription factora in each experiment
correspond to setd bwo-dimensional coordinatgs,n, which we treat as samples from a smooth
probability distribution. To infer the latter, we express it as a lineanbination of Gaussian
smoothing kernels cened on the observed poinps, [Wasserman, 2006Moreover, we are
interested in population averages, so we further average the smoothed density over all the

experiments. The spatial densityMxis therefoe obtained as
Mla' x— Ja ax n h(pa,ni X) a

(3.2)
subject to

Xx Mg x= Mta
(3.3)
where h is the Gaussian smoothing kernel and the avétdgever repeated experiments. Note
that in practice we only evaluate the continuous density iidezete grid® t he xd&s (di

space int@ 14x14 grid, 196 locations), the width of tBaussiarkernel was considered to be half

the distance between grid jenforcastossfrang3B3d t he nor

Similarly to theelimination d possible cell types by absence ofeqressionM?,, b= 0,
consider for each traadption factora, the locations x with My, x= 0. It follows from(3.1) that
for all tJholawve cak sifisc= Gandtidiminate the equation for 84 x Although these
constraints do not eliminate anyiors®iM.xdarype he
be reduced by half, improving the computatiorffilceency of the inference methods discussed
below. For each k, let us calkXhe set of lgations x in which we have not et = 0. Again, we
can divide equation&.1) by the noise standard deviations and group them as a linear regression

problem, where now the observed vectd¥rrepresents the measured ddé. x and M2,
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normalized byt he cor r gsa pd.rAdin chapte2 e solutiondy x are constrained by
fix 00, xk X xk fkx= 1 and, to identify solutions predicgmonzero measurements, we impose

onfyx constraints similar t¢2.4).

ExtendingNNCLSmethodology to accommodate spatial information

When incorporating spatial information, the optimization problem is of exactly the same form
asin chapter 2, equation.6) - (2.7). However, we expand the fractional values as described
above modellindkx in the vectorf and the corresponding spatial observation. iio study the
degeneracy of the ktionswe calculatef™" and f®% (Figure 3.4. In this case, the inclusion of
spatial information tightenthe bounds betweeff™y and % (compare against Figure 2.3).
Furthermore, many of tH&"" values are bounded away from zero, indicating that these cell types
are essential for achieving the minimal erfdonethéess, according to this methade would
need more than 250 cell types to explain the data, contradicting our prior belief that a small cell

type subset comprisé&/1.

0.1 T T T

Figure 3.4 Bounds on the fractional
values achieved by the NNCLS solution

001l ™ incorporating spatial information .

Inclusion of spatial information tighten

the bounds on theminimum and

maximum valuesthat ea&h fractional

value can achievdcompared against
Figure 2.3)f™" and /¥ are indicated

by blue and red dotsespectively

0.001}

Fraction of parental

100 200 300
Cell Type
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Inclusion ofSpatial Informationnto our Bayesian formulation

The inclusion of spatial information intour Bayesian formulationransforms the prior,
adapting itfor regression problems that are sparse at the group Téuslin turn, guarantees that
all of the spatial coordinates for a given cell typare turned on or ofiogether. To achieve this
goal, we rewrite the prior as:

pi @) =a*( 1 7%)
p(zx U) = N(0,0)
(3.4)
such tlat
fix= bk Zkx
(3.5)
This formulation is similar to[Hernandez_obato, 2013] but we perform inference by

sampling instead afising theexpectation maximizatioalgorithm Inferenceis achievedasin

chapter 2 but this timgonstraints are modified as:
ZxO 0 Xk Xk bk ZxO1, Xk Xyuxk Qikx Pk Zx>0

In practice, to calculate the Bayesian spatial solution, for computationaltbaszb6 most
relevant cell typesbtained by the neapatial solution are used to pselect the possible cell types
(nonspatial posterior inclusion probability greater than Q.0Q%ing this information, our
estimat es of c e lykldind inferance oithe gpatial loeation & the estimated

cell types.
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Computational Validation Experiments

Before appjing our inference algorithm to real dataye performed computational
experimentsechoing the procedure in chaptehthis case, w repeated the leaxaneout cross
validation experiment, this time incorporating spatial information. Again, most otries
validated celttype fractions fall within two standard deviations frone tineasured fractions
(Figure 3.5 Inferred spatial distributions from the cressdidation experiment possess similar
epicenteras t heir At r aweder, they s sadmewhat droadengBigune 3.5kc);
this trend is consistent with the fact that slightly fewer data points are used to constrain the cross

validated experiment compared to the full estimate.

To clarify the difference between experiments in Chapter 23arwl perform leaveoneout
crossvalidation experiments not including spatial information, each of the measured fractions
(single and paired transcription factors) was excluded from the measurements dataset and their
values are then inferred. To perfol@aveoneout crossvalidation experiments including spatial
information, each entire single transcription factor spatial distribution is removed in each
experiment. Subsequently, removed spatial distributions are inferred and the total fraction of cells

is calculated adding the fraction of cells at each spatial location.
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Figure 3.5: Computational validation suggests that inference algorithms are robust and

effective.
() Leaveoneout cross validation experiment showing good agreement between measured and

crossvalidated values in the spatial algorithm.

(b), (0 Spatial distribution of FoxP1 cells and inferred spatial distribution after performing a cross
validation exgriment in which all the spatial information about FoxP1 cells is removed. The
recovered spatial distributions are broadened slightly; this trend is observed consistently in our
spatial croswvalidation experiments (other experiments not shown), and gstent with the fact

that slightly fewer data points are used to constrain the -waigkated experiment compared to

the full estimate.
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3.2.3 Spatial information reveals further V1 interneuron diversity

We next sought out to compute estimates of cell type divevgittyin V1 interneurons
considering three sets of data: (i) the fraction of neurons within the parental V1 population that
express each of the 19 TFs (Figure 2.2a), (ii) the fractions of necoamgressing various pairs
of TFs (Figure 2.2{z), and (iii) the position of V1 interneurons expressing each of the 19 TFs

(Figure 3.1a).

Incorporating spatial information into the Bayesian analysis increased the number of cell types
that the HMC sampteselected per iteration, as well as the degree of confidence in the inferred
expression profiles. The number of selected cell types per iteration increased from about 30 in the
nonspatial setting to 50 £ 2 (mean £ SD over all HMC samples; Fig@. :And with the
additional of spatial information just 75 total cell types are assigned posterior inclusion
probabilities greater than 0.05, compared to 131 in thespatial setting. Moreover, many of
these spatialynformed inclusion probabilities are nomwuch closer to we (Figure 3.6 We
repeated the grouping procedure for these 75 total cell types and uncovered 57 candidate
expression profiles, most identified with very high inclusion probabilities (Figusk) Z&nd
significantly reduced ambiguitiea their expression profiles compared to the-spatial results
Comparison of the inclusion probabilities obtained before and after incorporation of spatial
information emphasizes a much more confidenigassent of cell types (Figure 3.6cThus we
can row assign specific expression profiles to a majority of the approximately 50 predicted cell

types, and can provide strong probabilistic constraints on the expression patterns of the remaining

types.
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An additional benefit of this spatial analysis isttigrovides estimates of how each inferred
cell type localizes inhe ventral spinal cord (Figure 3.™any of the inferred cell types are
localized in relatively compact, contiguous domains, covering the full positional spectrum of the
parental V1 inteneuron distribution, along both the dongentral and medidateral axes. Notably,
one inferred cell type with the expression profile of Renshaw interneurons (expressing MafB,
Onecutl and Onecut?2) is predicted to be confined to the most ventral redian théparental
V1 population (Figure 3.7 in agreement wittheir known settling positiorAlvarez and Fyffe,
2007; [Stam et al, 2012]O0ther inferred cell types, characterized by FoxP2, FoxP4, Nr3b3, and/or
Nr4a2 expression, showed clustered distidns ventral to the central canal, and doredral to
motor neurons (Figure 3.8 Such distributions are similar to the proposed location @figta
reciprocal interneurons [Hultborn, 197 &]subset of which are known to reside within the parental
V1 population [Zhang et al, 2014]Thus these findings document novel molecular and spatial

diversity in the V1 interneuron population.

72



g

A10*

Number of HMC samples

42 46 50 54
Selected Cell Types

O

W Transcriptional M Spatial

T\

ggt 9

\Ig‘f

Posterior Inclusion
Probability

1 40 80
Number of Cell Types

Bhlhb5
FoxP1
FoxP2
FoxP4
Lmo3
Maf A
Maf B
Nr3b2
Nr3b3

B

Bhlhb5
FoxP1
FoxP2
FoxP4

MafA
MafBll
Nr3b2
Nr3b3
Nr4a2
Nrsa2| |
Oc1=
oczill
Otp
Pou6f2
Prdm8
Prox1
sps
Zfhx4

1

Posterior Inclusion
Probability

Expression and Spatially Defined Candidate Expression Profiles

| |
m u}
Lmo3| III-IIIII-IIl il NEN R

in
1 nm
i) ]
| pLn

| BB BN |

| 8 B B

20 25 30
Inferred Groups

35

Posterior Inclusion
Probability

o

30 35

40

45

20 25

Inferred Groups
30 3 40 45 50 55 60 65 70 75

Inferred Cell Types

73

uoissaidxa o pooyiayi

0.0



Figure 3.6 (preceding page) Cell Types Revealed by Incorporating Transcription Factor
Spatial Information.

(a) Number of selected cell types in each HMC iteration.

(b) Condensed representation of candidate expression profiles of 57 V1 groups. Gray scale
indicates the likelihood that each TF is expressed within the group. Bottom, posterior inclusion
probabilityfor each V1 group.

(c) Posterior inclusion probability for expressimrerred cell types and groups (gray), and

expressiorandspatiallyi nf erred cell types and gro-apsel( bl u
types
(d) Transcription factors expresse by transcriptionally and spat

posterior inclusion probability greater than 5 percent. Group members are arranged in between red
lines.

(e) Posterior inclusion probability for cell types in (d). Cell types are ranked by-tgroel
inclusion probability.
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Figure 3.7: Inferred cell type spatial distributions segregate V1 interneurons into compact
domains.

(a- i) Positional distributions of inferred V1 cell types. These populations are confined to compact
spatial domains.

(i), spatial distribution of an inferred cell type corresponding to candidate Renshaw interneurons,
defined by expression of known Reashmarkers (MafB, Ocl, and Oc2) and localization in an
extreme ventral position.

(j) Spatial distributions from cell types in {i aggregated in a single plot. Each cell type is

represented by its confidence ellipse under a Gaussian approximation gostheor spatial
distribution of each cell type (66% confidence ellipse). Scale bar = 100 um.
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Figure 3.8: Spatial Distributions of FoxP2Expressing V1 Cell Types reveal highly
overlapping cell types.The spatial distributions of 26 inferred V1 cell types contained within the
FoxP2 clade. Many of these distributions are clustered in a spatial domain ventral to the central
canal (position 0), and dorsomedial to the putative motor neuron domain (MN)diStrdutions

occupy a similar relative position to that reported for group la reciprocal interneurons in the adult
cat (Hultborn, 1971). Motor neurons in the lateral motor column are depicted in black. Combined
with the prior suggestion that some growpreciprocal interneurons express FoxP2 (Benito
Gonzalez, 2012), these represent candidate cell types that may correspond to reciprocal inhibitory
interneurons. Note that these cell types exhibit highly overlapping spatial domains, and therefore
are distiguished solely based on molecular phenotype.
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3.2.4A cladistic analysis of transcription factor expression

Next we addressed the issue of the number of transcription factors needed to define a
neuronal cell type. We find that 5 £ 2 (mean £ SD) of 1%aned transcription factors are
expresseavithin each cell type (Figure 3.Bbro characterize the minimal number of transcription
factors that would be needed to provide selective access to an individual cell type, we developed
a classification schemédt relies on a recursive algorithm to sequentially subdivide the parental
population, and arrange every cell type along a clade diagnathis representation, the central
node of the diagram corresponds to the full V1 population, with branches repmgsent
transcription factors expressed in a mutually exclusive fashion and covering the highest fraction
of the parental population. This process is repeated until the cell types from which the analysis is
constructed are revealetithe extremities of the pl. Additional nodes (represented as circles) are
associated with remaining cell types that do not express mutually exclusive transcription factors.
In cases in which there are no mutually exclusive transcription factors, branches combine
transcription fators representing the highest fraction of cells in the node. Finally, niepésed
with a bar on top of the name of a transcription facte@pr esent cel |l types th
absence of transcription factors at the node. These nodes would Beggjmr@ssor strategy to be
targeted (similar to the Gal80 repressor in Drosophila Melanogaster). See Algoritifon faill

detalils.
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Algorithm 3 Clade Diagram

1: Denaote CT: Set of cell types.
2: Denote CTf: Fraction of cells expressed by each cell type in CT.
3: Denote TF: Set of transcription factors expressed by members of CT.
4: Denote .#: Set of mutually exclusive transcription factors.
5. BEGIN
6: Input Data: TF,CT, CTfL.
7. Compute . from CT, CTf maximing fraction of cells.
8: for Each member .#; in .# do
9 Create a node called .
10: Create TFn, CTn CTfn removing cell types expressing .#; from (TF,CT,CTT)
11: Remove ; from TFn,CTn,CTfn.

12: if Ctn contains an empty cell type then
13: Create an empty Node
14: Remove Cell Type from CThn.

15: end if
16: if CTn is not empty then

17: Run Clade Diagram, input data: TFn,CTn,CTfn.

18: end if

19: end for

20:

21: if .# is empty but TF is not then

22: Compute € from TF, set of Transcription factors that cover most of the population.
23: for Each member %, in € do

24 Create a node called %;

25: Create TFn, CTn CTfn removing cell types expressing %; from (TF,CT,CTf)
26: Remove % from TFn,CTn,CTin.

27 if Ctn contains an empty cell type then

28: Create an empty Node

29: Remove Cell Type from CTn.

30: end if

31 if CTn is not empty then

32: Run Clade Diagram, input data: TFn,CTn,CTin.

33: end if

34: end for

35: end if

36: Backtrack and remove empty nodes where no other nodes arises from the parent.
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To help the reader visualize the construction of the graptapatsentation, we generated
different clade diagram@igure 3.9 for cell types with increasing transcriptional complexity.
Complexity is increased to portray how additional cell types diversify existing clades or create
new ones. In addition, examples are included describing the incorporation of ren{ainting
mutually exclusive) <cell types and cell types

absence otertaintranscription factors

Figure 3.9: Clade diagrams organize cell populations in a transcriptionally mutually
exclusive fashion.
Examples of clade diagrams built on cell types of increasing transcriptional complexity.

(a) Simplest representation composed of two mutually exclusive populations.

(b) Cell types in(@) are divided given two mutually exclusive transcription factorsnéerb and
C.

(c) Same as in (bA celltypeisaddedvh ose transcriptional proyle i
of the transcription factors at the node.

(d) Same as in Jc A cell type is added to highlightow remaining cell types (not mutually
exclusve) are incorporated into the diagram.

(e)- (h) Clade diagrams corresponding to cell types if(d)
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