PATTERNING MOTOR NEURONS IN THE DROSOPHILA VENTRAL NERVE CORD USING
LATENT STATE CONDITIONAL RANDOM FIELDS

X. Chang', M.D. Kim?, A. Chiba®, and G. Tsechpenakis'

!Computer and Information Science Department, Indiana University-Purdue University Indianapolis, USA
“Molecular and Cellular Pharmacology Department, University of Miami Miller School of Medicine, USA
3Biology Department, University of Miami, USA

ABSTRACT

Type-specific dendritic arborization patterns dictate synaptic
connectivity and are fundamental determinants of neuronal
function. We exploit the morphological stereotypy and rela-
tive simplicity of the Drosophila nervous system to model the
diverse neuronal morphologies of individual motor neurons
(MNs) and understand underlying principles of synaptic con-
nectivity in a motor circuit. In our analysis, we use images
depicting single neurons labeled with green fluorescent pro-
tein (GFP) and serially imaged with laser scanning confocal
microscopy. We model morphology with a novel formulation
of Conditional Random Fields, a latent state CRF, to cap-
ture the highly varying compartment-based structure of the
neurons (soma-axon-dendrites). We integrate a multi-class
logistic model as the local potential function for combining
compartment features. All parameters are learned in a sin-
gle procedure, while L1-norm logistic model parameters are
added in the maximum pseudo-likelihood model for learning
with better scalability. The regularization hyper-parameters
are chosen with a minimum cross-validation generalization
error model.

Index Terms— neuron morphology, Drosophila, latent
state Conditional Random Fields

1. INTRODUCTION
Normal locomotive behavior is fundamentally determined by
precise patterns of motor neuron (MN) connectivity that are
dictated by the selective connection of motor axons with mus-
cle targets as well as specific dendritic input from presynaptic
neurons. In the vertebrate spinal cord, MNs are organized
into columns based on axonal projection patterns and within
these columns, groups of MNs that target individual mus-
cles are clustered into MN pools [8]. Different MN pools
elaborate distinct dendritic arborization patterns and respond
to sensory stimulation with different latencies, demonstrating
that the selectivity of synaptic input is directly influenced by
the differential patterning of MN dendrites in the spinal cord
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Fig. 1: Given compartment approximations, our goal is the MN
subtype classification into distinct morphologies, shown with the
sketches and described in [4]: the arrows show dendrites positions
and extends, the disks illustrate somata, the curved lines show axons,
while the dotted lines represent the VNC midline. The sketches cor-
respond to different motor neurons from four main nerve branches
(ISN, ISNb, ISNd, SNa): top row, left to right: [ISN: MN1-Ib],
[ISN: MN9-1b, MN10-Ib], [ISN: MN2-Ib], [ISN: MN3-Ib, MN4-
Ib]; bottom row, left to right: [ISN: MN11-Ib, MN18-Ib, MN19-
Ib, MN20-Ib], [ISNb: MNG6/7-Ib, MN12-Ib, MN13-Ib,MN14-Ib,
MN30-Ib, MNISNb/d-Is, MNISNb/d-1I; ISNd: MN15/16/17-1b],
[ISNb: MN15/16-1b], [SNa: MN21/22-Ib, MN22/23-Ib, MN23/24-
Ib]. For further details we refer the reader to the study in [4].

[19]. Therefore, determining how different MN subtypes pat-
tern and organize their dendrites (Fig. 1) will be a crucial
step toward understanding how motor circuits are assembled
to control locomotion.

Our goal is to understand how connectivity patterns are
formed within a normal motor circuit and determine whether
a ‘connectivity map’ can be deduced by estimations of neu-
ronal morphology. This will greatly facilitate our investiga-
tion into how different MN subtypes pattern their dendritic
arbor to establish synaptic connectivity, which remains an
understudied yet important aspect of motor circuit formation.
Lastly, understanding the normal process of MN development
will ultimately be important in devising strategies to repair or
restore MN connectivity after spinal cord injury or disease.
Drosophila larvae as a model. The Drosophila embryonic
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central nervous system (CNS) comprises the developing brain
and ventral nerve cord (VNC). The VNC, which can be con-
sidered functionally orthologous to the mammalian spinal
cord, is segmentally reiterated and bilaterally symmetrical
with respect to the ventral midline. There are approximately
400 neurons, including an estimated 38 MNs, within each
hemisegment (or half-segment) of the VNC . Abdominal
hemisegments in the embryo comprise 30 stereotyped body
wall muscles, each of which is innervated by one or more of
the 38 MNs. The muscle innervation pattern of individual
MN:ss is further highly stereotyped making embryonic MNs
uniquely identifiable [7, 4]. During larval development, den-
drites of these abdominal MNs undergo considerable growth
and dendritic branching is dramatically increased, likely re-
flecting extensive changes in synaptic connectivity that are
required for more complex larval behaviors such as the peri-
staltic movements required for normal locomotion. Whether
larval MNs project their dendrites to stereotyped regions of
the VNC to create a connectivity map is unclear.

Imaging at single-cell resolution. We use mosaic analysis
with a repressible cell marker (MARCM) [4, 10], a genetic
technique that allows us to label and image individual MNs.
The use of fluorescent proteins allows for high-resolution in
vivo imaging with minimal photobleaching, reduced photo-
toxicity and enhanced labeling of the neuronal membrane.
Although labeled MNs generated by MARCM can be imaged
live in the intact animal, muscle contraction hinders the ac-
quisition of confocal images through consecutive z positions.
The brain and VNC are therefore exposed by dissection and
the tissue is fixed with formaldehyde before immunostain-
ing with antibodies directed against mCD8 and a secondary
marker, Fasciclin II (FaslI). Fasll labels axon fascicles that
divide the VNC into distinct territories and provides a frame
of reference in which to map the relative positions of the MN
soma and dendrites. The entire morphology of single MNs is
then imaged with laser scanning confocal microscopy [4].
Morphology classification. Conditional Random Fields
(CRFs) [6] have been proven very robust in part-based object
[5] and action [18] recognition, as well as image labeling
[3]. In some applications, however, higher level semantics
are necessary to improve classification, which is the main
motivation for using the hierarchical CRFs [20, 11]. To esti-
mate the parameters in these models, the information of the
hidden layers should be available for training, thus making
ground-truthing labor-intensive. To tackle this issue the hid-
den Conditional Random Field (HCRF) [14] was introduced.
HCREFs have been successfully applied in gesture [16], voice
[15], image [13], and human action [21] recognition.

In this paper we describe a latent Condition Random
Field, a variation of HCRFs, for part-based neuron clas-
sification (Fig. 2). The objective is the estimation of the
neuron type y, given the unknown compartments ¢; (soma,
axon, dendrites) and their corresponding morphology fea-
tures ;. Such model incorporates topology information, e.g.,
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Fig. 2: Latent state CRF for MN subtype classification.

that axon is adjacent to soma. In this model we determine
four types of cliques (indicated with different colors in Fig.
2) to define the model’s energy potentials. Intuitively, we
model the relationships between (a) the compartment label
and its corresponding morphology features (discriminative
four-class classifier)[yellow]; (b) the labels of two compart-
ments [green]; (c) the labels of two compartments and the
neuron type [red]; (d) a compartment label and the neuron
type [brown]. During the optimization, we inherently im-
pose relative topology constraints for the recognition of the
unknown y. As observations we calculate the compartment
shape histograms and distances from the VNC midline (Fig.
1). The difference of our approach with models that incor-
porate local classifiers, such as [5, 17], is that we do not use
the compartment labels during training. Also, there are two
key differences between our model and hidden CRFs: (a)
we formulate features with continuous functions (as opposed
to discrete variables); (b) global and local classification is
achieved with a single training procedure.

input

2. LATENT STATE CONDITIONAL RANDOM FIELD

We build a model that integrates local compartment features
and relative topology in the latent layer, as shown in Fig. 2,
where the joint prediction of MN subtype y and compartment
labels t = (¢1, 12, ..., t,) is formulated as,
p(y.t,R)

Py, tIR) >y Pyt R) W
where R = (r1,ro,...,r,), r; is the feature vector of region
1, and n is the total number of regions in the image. The joint
distribution of all variables in the model is,

p(y, 6 R) o [ [ ve(Ae) ©))

where c is a clique containingC a set A, of nodes, and
Ve(A.) = exp{—E(A.)}, with E(A.) being the clique
energy function. We model the distribution of eq. (2) with
the clique energy function,
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where 6 is the set of model parameters, and (C1, Co, C3, Cy)
denote the four types of cliques (colored lines in Fig. 2).
Definition of ¢(r;, ¢;). This function formulates the compati-
bility between the i-th region features r; and the compartment
type t; € T = { soma, axon, dendrite on soma, dendrite on
axon}, based on multi—class logistic regression,

(it UH (exp{wk})

>, exp{w]r;}

where 7 is a normahzatlon parameter to be estimated, k£ en-
codes the compartment type, = 4 is the size of the set
T, and wy, is the parameter vector for class k in the logis-
tic model; ¢ is a |T'|-element code vector, such that, e.g.: if

' = (1,0,0,0), itis ¢i_, = 1, which denotes that the i-th
region is of the first class in 7', namely soma.
Definition of o (¢;,¢;). We model the topology compatibility
between two latent states (neuron compartments) as,

@(tiatj) :V(tiatj)g(tivtj)a (5)

where y(t;, t;) is a normalization parameter for the given pair,
and g(t;,t;) encodes relative topology,

1
tiat' = '
g(ti, t5) {07

Definition of 7(¢;, y). This function models the compatibility
between compartment label and the type of neuron.We build
the multi-class logistic regression model,
17| 1Y T d:
exp{a .1} ) v
(ti,y) Zé H1 <Zz ootarey) * P
where &, is the k th compartment-class parameter, |)| is the
number of MN subtypes considered and indexed with u, and
o, encodes the regression parameters for compartment class
k in subtype u; d’, is a |V|-element vector, such that, e.g.: if
d* = (1,0,0,...,0), itis d’,_; = 1, which denotes that the
i-th region belongs to MN of subtype code 1.
Definition of w(t;,t;, y). This function models the compati-
bility between two compartments and the motor neuron sub-
type, considering relative topology with respect to the refer-
ence midline in the ventral nerve cord (Fig. 1) and the neuron
topological properties,

w(tists,y)

“)

if (t;,t;) are adjacent
I J) 7 (6)

otherwise

= Zﬁqsq(tivtjay)a (8)

where s4(t;,t;, y) encodes motor neuron property ¢ in a set ()
of observed properties. For example, as shown in the sketches
of Fig. 1, the rightmost sketch in the first row corresponds
to the morphology of MN3.4. A property ¢ that we use for
y = M N3, 4 is that ‘all compartments are in the same side of
the reference VNC with respect to the midline’ (shown with
dotted line),

1, t;,t; at the same side of

midline & y = MN3,4

0, otherwise

Sq(ti,tj7y) =

B, is the weight of each property g.
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Parameter estimation. In our training set S = {(R', y")}I¥ |,
only the neuron labels and their features are given, while the
compartments (latent classes) are unknown. We use the
pseudo-likelihood model of [16], and we add the L1-norm of
logistic classification [12] for local classification with better
scalability. The parameter learning model is formulated as,

N

* : Il =13
6 = argmo}n—;logp(y R.0) + 557
6
oWl + D Aillevi—z]l1, ©)
=3

where £ = (n,7,£,03), with v = {y(ti, )} j=1.i)0
& = {fk}‘lel, {Bq}qul, is the parameter set in the
potential functions, and w and o,y is the multi-class logis-
tic regression parameters in eqs. (4),(7) respectively. Also,
we introduce six regularization hyper-parameters A\ in eq.
(9) to avoid over-fitting. For their estimation, we follow the
gradient-based optimization approach of [9, 2] that minimizes
the cross-validation error. The marginal distribution of hidden
variables y is,

p(y|R, 6) Zp v, t|R,0) (10)

To solve this objective, we employ the BFGS Quasi-Newton
optimization method, which has been proven efficient even in
non-smooth optimization. In our model, the topology of the
latent variables is modeled using a distance-based minimum
spanning tree among image patches, and the Sum-Product al-
gorithm [1] is used for marginal probability inference.

Prediction. Our goal is to find the most likely motor neu-
ron class label y. In the latent Conditional Random Field, the
most likely latent state combination t is estimated simultane-
ously. The state prediction model,

(y*,t*) = argmaxp(y,t|R/ 0r) (11)
is solved by first fixing the state of y and finding the most
likely latent state combination t*, and then finding y* that
corresponds to t*.

3. EXPERIMENTAL RESULTS

Here we examine three of the most challenging motor neuron
subtypes, namely MN1, 9 and 15, which appear with similar
morphologies, as shown in Fig. 1 (first and second sketches
in first row, second sketch in second row). We used 43 images
for the three subtypes: 14, 22 and 7 images depicting MN1,
MN9 and MNI1S5 respectively. We manually assigned sub-
type labels and annotated the neuron compartments (Fig. 3)
to obtain ground-truth. Within each compartment patch, we
applied intensity segmentation to derive better shape approx-
imations'. Five-fold cross validation was used for estimating
the model hyper-parameters and evaluating the method per-
formance. In Table 1 we show the confusion matrix for the
three subtypes, while in Table 2 we report precision, recall

'We applied intensity clustering (k-means, k-harmonic means and fuzzy
c-means) and in each case we used the best segmentation result



Fig. 3: Approximations for neuron compartment regions: (blue,
cyan): dendrites; red: soma; green: axon.

and Fl-scores. As shown in these tables, and observing the
morphology illustrations in Fig. 1, the increased similarities
between the three motor neuron subtypes make their classifi-
cation challenging. Although we did not focus on the accu-
rate segmentation of the compartments, our latent state CRF
showed robustness with respect to shape and relative topology
features. Fig. 3 shows a representative example where two la-
tent variables (dendrite on soma: cyan box; dendrite on axon:
blue box) could cause misclassification, due to appearance
similarity between the axon and the dendrite branch adjacent
to soma; we successfully tackle this issue considering relative
topology in the model potentials.

4. CONCLUSIONS

In this paper we described a latent state Conditional Random
Field, applied to the problem of motor neuron morphology
classification in the Drosophila ventral nerve cord. There are
two main advantages of our model: (a) it integrates local im-
age features and spatial structure for better prediction, and (b)
it does not require labels for the latent states during training.
We validated our method using indicatively an image pool
from three MN subtypes that are challenging to be classified.
Our experimental results here show the increased robustness
and scalability of our model with respect to observation ap-
proximations. This motivates the morphology classification
of all (~)38 MN subtypes, among which approximately 12
distinct morphologies have been so far observed.
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