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ABSTRACT

With billions of neurons and trillions of synapses in humans, the inner workings of the brain re-
main one of the great open mysteries of the universe. A complete understanding of the brains of
even tiny organisms such as 00000000000 (00000 remains elusive. The field of connectomics
seeks to unravel the mysteries of brains by analyzing their circuitry at a synaptic level. In pursuit
of this goal, neuroscientists extract and image brain tissue from various species, trace the neurons
through the images, identify all synaptic connections, and construct a wiring diagram. A team of
researchers spent a dozen years manually extracting the first nearly complete connectome from
an image stack. This early success contained 302 neurons and 5,000 synapses. In the succeeding
decades, automated algorithms have complemented and, at times, replaced manual human recon-
struction efforts. More recently produced wiring diagrams, or connectomes, contain thousands
of neurons with millions of synaptic connections.

Recentadvancements in image acquisition using multi-beam electron microscopes enable neu-
roscientists to capture one terabyte of raw image data every hour. Although these engineering
achievements open the door for imaging larger brain volumes from more evolved species, human
labor, particularly that which requires expert knowledge, has become the bottleneck. Therefore,
researchers have increasingly relied on automated solutions to reconstruct neurons from the raw
image data and extract the wiring diagrams. The previous decade has seen a deluge of new algo-

rithms that confront the challenges of converting the raw image data into connectomes for further
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analysis. Despite the incredible success of these algorithms, there is still room for improvement
in accuracy and efficiency.

By guiding algorithm design with existing biological knowledge, we can improve accuracy, re-
duce complexity, and generate results more faithful to the neuronal data. We demonstrate these
principles with four biologically-aware algorithms that confront various problems across the con-
nectomics pipeline. We explicitly tailor our solutions for connectomic data and outperform exist-
ing methods that are generally agnostic to the underlying biology. This dissertation considers just
a tiny fraction of the numerous challenges when working with connectomics data. However, we
believe that biologically-aware algorithms like those presented here can make inroads into tackling

a wide range of problems in connectomics.
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Introduction

The inner workings of the brain, with billions of neurons and trillions of synapses in humans,
remain one of the great open mysteries of the universe [20, 130]. Although over a century of re-
search has provided significant insights into the interplay between individual neurons through
synaptic connections and other biological mechanisms, a large amount remains unknown about
the brain’s internal mechanisms as the number of involved neurons scales. However, neurosci-

entists can now image large swaths of brain tissue with electron microscopes to extract wiring
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diagrams, or connectomes, at a synaptic level. The field of connectomics secks to unravel the
brain’s mysteries by analyzing the underlying circuitry observed in these images.

The connectomics discipline requires close collaboration between neuroscientists and com-
puter scientists. Figure 1.1 provides a brief overview of a typical connectomics workflow. First,
neuroscientists extract a relevant section of brain tissue and use electron microscopes to image
the data at nanometer resolution. Next, computer vision algorithms transform the images into
a wiring diagram by segmenting the neurons and identifying synapses and other organelles such
as mitochondria. By analyzing the reconstructed circuitry, researchers hope to advance artificial
neural networks [43], improve understanding of certain neurological diseases [30], and create
more faithful computational models of the brain [70]. Neuroscientists can better understand
the brain with these improvements, with the cycle continuing as these insights further guide the
imaging process.

In 1986, White I Ullachieved a significant milestone in connectomics by reconstructing the
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first nearly complete wiring diagram, a feat requiring over a dozen years of tedious manual labor
(Figure 1.2) [136]. This first connectome of OO0O00000OMNN [2O00CEC (07 D000OD) contained ex-
actly 302 neurons and approximately 5,000 chemical synapses and 6oo gap junctions. This mon-
umental accomplishment quickly proved valuable as researchers identified a handful of motifs—
frequently occurring clusters of neurons with important biological function [121]. In the three
and a half decades since, advancements in image acquisition [25, 140, 142 ], automatic reconstruc-
tion [49, 67], and synaptic detection [45, 72] have enabled the extraction of larger partial wiring
diagrams from more sophisticated species such as fruit flies [124, 141], mice [25, 123], and zebra
finch [62], among others.

Research by Jovanic [l Ullshowed the potential power of connectomics in going from observed
behavior to a working computational model [52]. The authors observed two distinct behaviors

to crawling LJO0J000T0 larvae in response to mechanosensory stimuli, i.e., an air puff (Figure 1.3,
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left). The larvae either hunched to avoid the air puff or bent their head away from the puff to
explore the local environment. After viewing this behavior, the researchers extracted the relevant
region of the brain, imaged it at nanometer resolution (Figure 1.3, center), and reconstructed the
neurons and synaptic connections to extract a wiring diagram (Figure 1.3, right). The authors
identified specific motifs in the circuitry that would result in a hunch or a bend with correct in-
puts into the sensory neurons. This mapping from observed behavior to neuronal structure to
computational function provides a brief glimpse into the potential future insights that connec-
tomics might offer.

Although much of the research in connectomics has previously focused on small species such
as worms and fruit flies, more recent endeavors consider more sophisticated animals, including
birds and small mammals. Neurons in these new specimens can easily span more than 100 pm;
however, we still require image resolutions as fine as 10 nm to identify the synaptic connections
(Figure 1.4). This four order-of-magnitude difference between resolution and image size com-

pounds in each dimension, and even extracting a small wiring diagram from a mammalian brain

requires teravoxel image volumes. These teravoxel volumes represent the minimum size needed
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to extract a small wiring diagram from a mammalian brain; increasingly, neuroscientists extract
brain regions that exceed a cubic millimeter (petavoxel of data) [115, 142]. In the extreme case for
mice, a typical brain has a volume of 500 mm?, and would require one exabyte (1000 petabytes)

of image dat to completely reconstruct [71]. Although these numbers may seem outlandish now,

an increasing number of labs worldwide view such goals as a significant future milestone.

1.1 THE CONNECTOMICS PIPELINE

We have briefly discussed the overarching goal of connectomics and provided a crude outline of
the process: we extract a wiring diagram from brain tissue to improve machine learning, medicine,
and understanding of the underlying neuronal circuitry. However, the leap between identifying
a region of interest in the brain and producing an accurate connectome with analysis consists
of numerous steps that each require close collaboration between neuroscientists and computer
scientists (Figure 1.5).

First, neuroscientists extract either a section of or an entire brain for reconstruction and future
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analysis. Often, they target brain regions based on existing knowledge of their function, such as
the visual cortex of a mouse or the mushroom body of a fly. They then stain the brains with various
chemicals such as formaldehyde or osmium tetroxide. These chemicals bind to membranes and
other organelles to provide stark contrast when imaging [12]. The brain tissue is then typically
cut into thin slices between 20-40 nanometers thick. An electron microscope images each slice
of brain tissue. A multi-beam electron microscope can collect one terabyte of raw image data
every hour or one petabyte every six months [56, 123]. The throughput of these multi-beam
electron microscopes will only continue to improve as engineering breakthroughs enable even
more parallel beams.

After imaging the data, the registration and alignment step transforms the image stack into a
3D volume. The physical slicing of the brain tissue and then its transport to the microscope can
cause deformations such as stretching or scrunching in each slice. We correct these abnormalities
during this step. First, a feature detection algorithm such as SIFT identifies salient points across
the image stack [112]. Next, we pair points in neighboring image slices representing the same
physical structure, e.g., the boundary of a mitochondrion or the edge of a blood vessel. Various
optimization techniques reduce a cost function on the distances between matched points to create

an affine transformation for each image slice [58]. After registration and alignment, we consider



* ZR3X i) AO-BJAN “XZAX«PI M- Jfz-3 0| A" 03]« 7-32 O X 2JzX OINI” «- fIMX§ E-JARX C|X3X °C- A-EX{
SXNX X O] X~ J2X §IMXE Z O XE MXf—cz O= O] X “J2 «XA3=ccJ§ ®3-NX"| 33KE ~A” 2J«AJy JT “X2 JAO-RJAN 20| T
NJ««=0 "NJEX = O X XEX3 «N3XJ™ «z ~ EX -Z O] X IN2A 3XT TJoJi

the array of image slices as an image volume with resolutions typically between 3 6 nanometers
in0and 0and 20 40 nanometers in [. Figure 1.4 shows one slice of an image volume after
acquisition, registration, and alignment.

Once the image stack is aligned correctly, we can begin segmenting the images into individ-
ual neurons and identifying synaptic connections. During the segmentation step, we create label
volumes from the image volumes. In these label volumes, two voxels receive the same label if and
only if they belong to the same neuron in the image (Figure 1.6). In the early years of connec-
tomics, a team of biologists manually traced neurons through the image stack [136]. However,
this manual process cannot scale to the ever-increasing size of the connectomic image volumes.
More recently, machine learning algorithms have replaced humans in this step [88, 97], with

deep learning methods outperforming existing strategies [15, 32, 110]. These automated solu-
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