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The mammalian retina processes stimuli over a wide range of light intensities. These
stimuli can vary substantially over time. The retina must encode these temporally varying light
stimuli into the firing rates of retinal ganglion cells, which convey information from the retina to
the brain. This process is called contrast adaptation and relies on circuit-level mechanisms called
gain controls. My work seeks to determine which physiological mechanisms within the retina
shape the process of adaptation within an inner retinal circuit called the rod bipolar pathway.

This work uses Cre-mediated expression of channelrhodopsin-2 to optogenetically stimulate
individual components of the rod bipolar pathway: specifically rod bipolar cells and type-6 cone
bipolar cells. This allows for the dissection of mechanisms that shape contrast adaptation within
the inner retina, without the significant limitations of paired-patch recording. Much of this work
also uses Linear-Nonlinear (L-N) cascade modeling, allowing for the use of naturalistic stimuli

to study adaptation.



The first part of this dissertation focuses on several findings that suggest prominent roles
for synaptic release from rod bipolar cell terminals, as well as the activity of AIl amacrine cells in
contrast adaptation within the ON component of the rod bipolar pathway (Chapters 1 & 2). The
focus will then switch to experiments examining the OFF component of the rod bipolar pathway
(Chapter 3). Finally, this dissertation closes with a series of novel methods developed to address

technical challenges that occurred during this work (Chapter 4).
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Chapter 1: Introduction

1.1 Mammalian Retinal Architecture

The retina is an incredibly versatile model for examining how biophysical mechanisms
shape computation within neural circuits. The retina’s primary computational function, converting
complex visual stimuli into ganglion cell spiking, is relatively well understood. Its structure and
connectivity are readily identi able, and it is organized into functionally distinct laminae, making
the problem of connecting circuit components to their computational functions a tractable one
(Dowling, 2012; Demb and Singer, 2015). Further, the retina develops from the neural tube (the
same cells that ultimately develop into the spinal cord and brain, Stenkamp, 2015). In short, the
retina is the “most accessible” part of the mammalian central nervous system (Dowling, 2012).

Like much of the CNS, the retina is highly parallelized. It breaks visual signals into
multiple streams at nearly every level of processing (Asari and Meister, 2012; Dowling, 2012;
Kolb, 2005; Murphy and Rieke, 2006; Park et al., 2018). Identical circuits exist in close proximity
to one another, allowing for co-processing of the same information simultaneously (for the same
loci in visual space, Dunn and Rieke, 2008). Almost every level of retinal processing shows
substantial convergence of presynaptic inputs, and divergence of postsynaptic outputs (Asari
and Meister, 2012). Ultimately, this parallel architecture allows for a wide range of complex
computations, even before signals reach retinal ganglion cells.
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The retina is organized into ve distinct layers. First, and outer-most is the photoreceptor
layer (PL). The PL is occupied by the eponymous photoreceptors, which are subdivided into two
classes: rods and cones (‘R' & "C', Figure 1). Conventionally, rods are responsible for dim-light
(scotopic) vision, while cones are responsible for bright-light (photopic) vision (an exception to
this will be discussed later, Dowling, 2012). Photoreceptors encode responses to stimuli ranging
from as sparse as a single photon, all the way up to bright daylight (an over 10-billion-fold range
in intensity, Baylor et al, 1979, 1984, 1996; Field et al., 2005; Dunn et al., 2006; Dunn and Rieke,
2006, 2008; Demb and Singer, 2015). The retina's ability to encode such a wide range of stimuli
(through a process called adaptation) is perhaps one its most prominent computational functions.
The process of adaptation occurs at nearly every level of the retina, using mechanisms called gain
controls (Baccus and Meister, 2002).

Determining the circuit components that shape adaptation is the primary focus of this
dissertation. The remainder of this chapter focuses on methods for studying adaptation in the
retina. Chapter 2 applies these methods to the ON component of the rod bipolar pathway. Chapter
3 then explores the OFF component of the pathway. Finally, Chapter 4 aims to address some of

the technical challenges that have arisen in the course of this work.

1.1.1 Adaptation in the outer retina

As light level increases, photoreceptors adapt their response to overall stimulus intensity.
This provides the retina with an immediate way of avoiding saturation to the highest intensity
stimuli. For the most part, response-amplitude curves do not change shape with adaptation.

Rather, the stimulus intensity that drives a given response amplitude shifts with adaptation. The



Figure 1.1: Schematic of the rod bipolar pathway

Light signals are transduced into graded potentials by photoreceptasd photoreceptof;: cone photoreceptors)

in the photoreceptor layeP(). Transmission from photoreceptors to bipolar cells occurs in the outer plexiform layer
(OPL). Bipolar cells (whose somas de ne the inner nuclear lalpdl,) are broken down into two broad types: 'ON'

and 'OFF' (responding to increments and decriments in illumination respectively. In this work, two types of ON
bipolar cells were stimulated optogenetically (the rod bipoalr ¢d8; and the type-6 ON cone bipolar cellf).
Release from bipolar cell terminals onto amacrine cells or ganglion cells occurs within the inner plexiform layer
(IPL). The IPL is also subdivided into 'ON' and 'OFF' sublaminae, with ON cells forming synapses in the ON
sublaminae, and OFF cells forming synapses in the OFF sublaminae. (Note that an exception to this rule will be
discussed in Chapter 3.) RBs drive excitation onto All amacrine cell neurites in the IPL. All cells are bistrati ed,
forming an electrical synapse with T6 cells in the ON sublaminae of the IPL, or providing glycinergic inhibition
onto OFF gangion cell dendrite®N-a /d) and OFF cone bipolar cell terminals. It is through the T6 terminal that
rod signals reach the ON outputs of the rod bipolar pathway, the@aRglion cells ON-a).
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shift in the stimulus and response relationship at photoreceptors is linear, as adaptation shifts only
the sensitivity of the photoreceptor and not its response characteristics (Baccus and Meister, 2002;
Dowling, 2012). Rods are substantially more sensitive to light than cones, and rod responses
saturate at much lower light intensities than cone responses (Dowling, 2012). As such, rods are
primarily responsible for scotopic (dim-light vision), making the rod bipolar pathway the primary
circuit behind vision at low light levels (Bloom eld et al., 1997; Kolb, 2005; Dowling, 2012).
However, electrical coupling from rods to cones allows rods to provide information about changes
in intensity directly to the cone-pathway, as well as allowing rods to serve as relays for surround-
inhibition, even in mesopic and photopic conditions (Kolb, 2005; Thoreson and Mangel, 2012;

Ke et al., 2014; Szikra, 2014).

1.1.2 Bipolar cells are the rst units of the ON and OFF pathways

In the outer plexiform layer ('OPL, Figure 1), photoreceptors form a ribbon synapse onto
either ON or OFF bipolar cells (which respond to either the onset or offset of stimuli respectively,
Baylor, 1996). Bipolar cell somas reside in the third retinal layer, the Inner Nuclear Layer (INL).
As photoreceptors are intrinsically hyperpolarizing in the presence of light, cone synapses onto
OFF cone-bipolar cells use normal glutamatergic excitation (thereby making OFF cone bipolar
cells depolarize to darkness, like cones, DeVries, 2000; Borghuis et al., 2014). However, ON
cone-bipolar cells need to undergo a sign inversion such that they depolarize only in response to
light (Baylor, 1996; Dowling, 2012). This is achieved by way of an mGluR6-driven secondary-
messenger pathway that reduces a cation conductance in the cells (Dowling, 2012; Nelson and

Connaughton, 2015; Martemyanov and Sampath, 2017). Rod bipolar ('RB’, Figure 1) cells, the



primary post-synaptic targets of rods, only receive rod input, and are an evolutionarily newer
circuit component (Kolb, 2005; Dowling, 2012, Baden et al., 2014; Baden and Osorio, 2019).

However, rod bipolar cells use the same sign inversion mechanism as ON cone bipolar cells,
ultimately depolarizing with graded potentials to increases in light (Thoreson and Mangel, 2012;

Euler et al., 2014).

A given rod will generally form a ribbon synapse with two rod bipolar cells (Dowling,
2012). This divergence leads to ampli cation of visual signals (further necessitating adaptation,
Demb, 2008; Demb and Singer, 2015). As release from rod terminals is tonic, the membrane
potential (\My,) of a given rod bipolar cell effectively encodes background luminance levels experienced
by its presynaptic rods (Jarsky et al., 2011). Rod bipolar cells also receive input from 35 rod
photoreceptors (Behrens et al., 2016). This convergence further ampli es signals. Further, the
ON-center a of rod bipolar cell extends past the width of the cells' central inputs, and the OFF-
surround extends past the cells' arbors, Kolb, 2005; Dowling, 2012). Ultimately, the terminals
of rod bipolar cells form dyad ribbon synapses with two amacrine cell types, the bistrati ed All
amacrine cell, and the wide eld A17 amacrine cell (Nelson and Kolb, 1985; Tsukamoto and
Omi, 2013).

The All amacrine cell is a narrow- eld amacrine cell that relays signals into both the ON
and OFF pathways, each in functionally distinct sublaminae of the Inner-Plexiform Layer (CAll',
Figure 1, Kolb and Famigletti, 1974; Helmstaedter et al., 2013). Each rod bipolar cell forms
synapses with approximately ve Alls (making multiple synapses with each, Demb and Singer,
2012; Ke et al., 2014). Signals also converge onto a single All from approximately twenty
rod bipolar cells (Dunn et al., 2006, 2008). In turn, Alls are far more sensitive to increases in

illumination as compared to their upstream partners. In turn, All responses saturate more readily,
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further necessitating adaptation at the rod bipolar cell to All synapse (Jarsky et al., 2011; Demb

and Singer, 2012).

1.1.3 The RB All/A17 Synapse

Rod bipolar cell membrane potential {Y has a direct relationship with the signal-to-
noise ratio (SNR) of transmission to post-synaptic All amacrine cells (Jarsky et al., 2011; Ke
et al., 2014). As RB ¥, determines the rate of background vesicle release, SNR of the synapse
is reduced in depolarized states (Jarsky et al., 2011; Ke et al., 2014). When the rod bipolar
terminal is depolarized, the strength of transmission at the rod bipolar cell to All synapse is also
reduced (in part due to inactivation of €aurrents, Jarsky et al., 2011). When the rod bipolar
cell terminal is hyperpolarized (as in dark conditions), the rod bipolar to All synapse shows
facilitated transmission, shifting to encode contrast (Ke et al., 2014). Transmission at the rod
bipolar terminal is ribbon-mediated, also adding to its high delity (high SNR) nature (Lagnado,
2003; Jarsky et al., 2010). These features suggest a mechanism for gain control at the rod bipolar
to All synapse, likely reliant on synaptic depression (via depletion of the readily releasable pool
of vesicles, which is further outlined later, Singer and Diamond, 2006; Dunn et al., 2006; Demb
and Singer, 2015).

Alls also communicate with each other through direct, homologous (non-rectifying) gap
junctions (Vardi and Smith, 1996; Veruki and Hartveit, 2002a, 2002b; Veruki et al., 2008, 2010;
Demb and Singer, 2012, 2015; Choi et al., 2014). All-All gap junction coupling is controlled by
dopaminergic modulation onto All somas (from Dopaminergic Amacrine Cells, 'DACs'/A18s,

which form rings of synapses around each All (Hampson et al., 1992). While coupled under



scotopic (low light) conditions, weak signals from one All may pass laterally to others, thereby
amplifying the signal and averaging out noise (Texler et al., 2001; Bloom eld aiigyv, 2004).
Without this mechanism, noise would otherwise be a serious problem for sparse signals of low
intensity. In photopic conditions, decoupling prevents saturation in this circuit, allowing ner
spatial discriminability. This has been proposed as a mechanism for adaptation within the All
circuit (Hampson et al., 1992; Bloom eld anddlgyi, 2004).

Concurrently, the A17 (a functionally atypical wide- eld amacrine cell) forms a recurrent
synapse onto the RB terminal. This synapse uses a seemingly unique mechanism for GABAergic
transmission. When a glutamatergic signal from a rod bipolar cell reaches the Al7, it leads
to the opening of CA permeable AMPA receptors. The in ux of €ais rapid, leading to the
release of an intracellular store of additionafCans (Ctavez et al., 2006). Release of GABA is
constrained locally to a given synapse, with minimal signal conduction between A17 varicosities
(unlike most wide- eld amacrine cells, Menger and Wassle, 2000; Grimes et al., 2010; Diamond
and Grimes, 2014; Grimes et al., 2015). Depolarization of the A17 will then drive release of
GABA-containing vesicles, thereby hyperpolarizing the rod bipolar cell terminal. Rod bipolar
cell terminal hyperpolarization in turn facilitates vesicular release by its ribbon terminal (Hartveit,

1999; Dong and Hare, 2003; @ez et al., 2006; Diamond and Grimes, 2014).

1.2 General methods for assessing temporal contrast adaptation

Given the extensive adaptive processes throughout the outer retina (some mentioned previously),
using conventional light-stimulation would make it dif cult to attribute adaptation to individual

components of the circuit (Chapot et al., 2017a, 2017b). Further, most retinal ganglion cells



receive presynaptic input from multiple circuit types (with fteen different bipolar cells, each
with distinct receptive eld properties, Euler and Masland, 2000; Roska and Werblin, 2001; Euler

et al., 2014; Shekhar, 2016; Baden et al., 2013). As such, methods for ablating input from the
outer retina and directly targeting the rod bipolar pathway are necessary. The remainder of this
chapter focuses on methods to isolate the rod bipolar pathway and how to examine the processes

of adaptation that occur within it.

1.2.1 Retinal extraction and whole-cell patch clamp recordings

First, retinas were extracted from the enucleated eyes of adult mi@5 (days old) in a
bicarbonate-buffered Ames' Solution (Sigma). Retinal whole-mounts were created by mounting
excised tissue from ventral retinas onto hole-punched nitrocellulose paper. Whole-mounts were
immediately transferred to a recording chamber with a bicarbonate-buffered standard external
solution, heated to 31-34°C. Fresh, temperature-controlled and pH buffered external solution
was continually owed through the recording chamber via a peristaltic pump, and removed using
vacuum suction. Retinas were allowed to sit in the recording chamber for a minimum of ve
minutes before recordings were attempted (to increase mechanical stability).

\oltage clamp recordings were collected using a-Based internal solution containing
QX-314 chloride (an internal Ndlocker, ToCris/Cayman) in patch electrodegi{7MWresistance
for Alls and ganglion cells, 10-12MWresistance for bipolar cells). This allowed for recordings
of EPSCs atan& -67mV, and IPSCs at a holding potentialOmV. Most cells were also
loaded with Alexa Flour 488 Hydrazide (Thermo-Fisher), to allow for post-recording con rmation

of cell type. Initially, data were collected on an Axon Instruments Multiclamp 700B ampli er



with an Instrutech digitizer. During the course of experiments, we switched to a newer Sutter
Instruments d-IPA (dual-headstage Integrated Patch Ampli er), which served as both ampli er
and digitizer for most of this work. Recordings were initially collected using custom-written
code (in Igor) from the Singer Lab. With the transition to the d-IPA ampli ers, we switched to
Sutter's SutterPatch software (also built in Igor). To facilitate analysis of data from these two
different systems, all data were ultimately exported and processed using Matlab code written by

the author.

1.2.2 Optogenetic stimulation of the rod bipolar pathway

Cre-mediated, YFP-linked channelrhodopsin-2 (ChR2) expression was targeted to either
rod bipolar cells or type-6 ON cone bipolar cells. Initially, two strains of mice were used for
RB targeting, L7Cre and PCP2Cre. However, L7Cre mice showed slight off-target expression of
ChR2 in ON cone bipolar cells, while expression was more reliably limited to rod bipolar cells
in PCP2Cre mice. As such, data shown here are exclusively from PCP2Cre line. In the case
of type-6 ON cone bipolar cell targeting, we used the CCKcre mouse line. All Cre lines were
crossed with the Ai32 reporter line. This allowed for direct stimulation of a speci ¢ bipolar cell
types with 470nm blue light.

ChR2 was excited using temporally varying white noise stimuli projected from one of
three 470nm LEDs (ThorLabs). For early experiments, this LED was embedded in a Zeiss
Axioskop 2FS microscope. Later experiments (after May 2020) were performed using a custom-
built microscope using the ThorLabs Cerna platform (ThorLabs, in an effort to maintain social

distancing). LEDs and their drivers were changed during the course of experiments due to failures



or when switching recording systems. In each case, LEDs were calibrated, and the linearity of
light presentation was con rmed prior to further data collection. All stimuli included a small
offset to account for the minimum voltage required to drive the LER2GOmV, with slight
variation between LED drivers). To minimize error introduced by the subtle variability in this
offset, stimuli were passed through a neutral density Iter (with optical density of 0.5 for PCPcre
experiments, or optical density of 0.9 for CCKcre experiments, ThorLabs). This also allowed
stimuli to vary over the maximum operating range of the LEDs and their drivers (also from
ThorLabs).

Stimuli were presented through a 60X water-immersion lens (Olympus/Nikon). In whole
mount preparations, stimuli were manually focused onto the INL (which can easily be identi ed
by somatic YFP-expression in our mouse lines). In slice preparations, light was focused directly
onto the bipolar cell somas. The stimulus system was initially calibrated using an OceanOptics
USB4000 spectrophotometer on loan from Dr. Karen Carleton (UMD). Later, a ThorLabs light

power meter was used.

1.2.3 Constructing Linear-Nonlinear models

Linear-Nonlinear (L-N) Cascade Models are useful tools for studying contrast adaptation
and receptive eld structure (Chichilnisky, 2001; Zaghloul et al., 2003; Jarsky et al., 2011).
They are particularly useful for characterizing circuits using 'naturalistic' stimuli, and have
been a frequently used tool to study retinal receptive elds (Chichilnisky, 2001; Zaghloul et
al., 2003; Jarsky et al., 2011). In this work, L-N models were constructed using a Gaussian white

noise stimulus generated by temporally modulating light intensity around a background mean.
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Peak illumination was set to the point of saturation of response for each target for optogenetic
stimulation (that is, speci c to each Cre line). Background mean was set to the half-max amplitude
of a saturating response. This allowed us to characterize the full operating-range of each circuit
component that we examined. Most stimulus sequences were rst created in Matlab, and subsequently
imported to the Igor-based acquisition systems mentioned previously.

A linear kernel k) can be estimated by cross-correlating the stimulus and recorded response
(this process is illustrated in Figure 2, Wiener, 1949, 1958; Lee and Schetzen, 1965; Marmarelis
and Marmarelis, 1978; Zaghloul et al., 2003; Beaudin et al., 2008; Demb, 2008; Jarsky et al.,
2011). In this work, a unique stimulus sequence can be cross correlated with its corresponding
response (Figure 2, red). Frequently, this kernel is estimated after deconvolving the crosscorrelogram
with the autocorrelogram of stimulus. Following previously established procedures in the lab,
though that step was excluded here (Cembrowski, 2011). Conceptually, the linear kernel (Figure
2, 'K is a representation of the temporal characteristics of the system's response. The ltered
stimulus can then be passed through a static nonlinearity to generate a model prediction. Meanwhile,
the nonlinearity ) accounts for a number of nonlinear components throughout the circuit, and
maps a generator signal {gonto the recorded outputs of the circuit. (Note that the generator
signal, gf), is estimated by convolving the stimulus with the cross correlogram.) Several examples
of sources for the nonlinearity include: recti cation through synaptic release and response saturation
(Jarsky et al., 2011). Conceptually, the nonlinearity is effectively a gain function for the circuit
(Chichilnisky, 2001; Cembrowski, 2011). By equating the nonlinearities between contrast conditions,
linear kernels can then be re-scaled. Gain change between conditions can then be measured as
the relative difference of the peaks of the two re-scaled linear Iters. For ease of display, this
dissertation uses relative gain as the measurement for gain change (that is, the amplitude of

11



the low contrast Iter normalized to the peak of its corresponding high contrast Iter, Figure

2, 'relative gain', cente). Finally, model quality can be measured using the embedded test
sequences within a white noise stimulus (Figure 2, blue). These test sequences can be compared
to model ts, generating an estimate of the variance explained by the madsiI(-N t).

For the experiments throughout this dissertation, white noise stimuli were generated as
follows. A brief sequence of "no-stimulus' was followed by an initial "background" illumination
(with amplitude set to evoke a half-max response, scaled for each Cre line). This background
was projected for four seconds, allowing the response to reach a steady state. The background
segment was then followed by Gaussian noise stimuli varied about the mean background (Figure
2, top). Most noise sequences consisted of six segments of ten second duration. (Exceptions are
discussed in a Chapter 4 of this dissertation).

Individual segments alternated between high and low contrast (as can be seen in Figure 2,
top). High contrast segments were set to extend over the full operating range of the circuit (from
no-light to saturation), while low contrast segments were set with a standard dej&titvat
of the high contrast segments. Segments were concatenated into an individual noise sequence,
altering between high and low conditions. These noise sequences were then bandpass ltered
from 0-20Hz (to keep stimulation within the operating time course of channelrhodopsin-2, Zhang
etal., 2006). Each segment consisted of 7-8 seconds of unique noise stimulation, and 2-3 seconds
of repeated noise sequences. Thereby, each stimulus "sweep' (the background stimulation and
subsequent noise sequence) consisted of 21-24 seconds of unique stimulation, and 6-9 seconds
of repeated stimulation for each of two conditions (high and low contrast). Contrast presentation
order (high low or low high contrast) was counterbalanced between sweeps (Figtog, 2,

shows a high low presentation order). This resulted in two stimulus sweeps of 64 second total
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‘up-time' duration. Both stimulus sweeps had distinct unique noise sequences. Inter-sweep
interval was set to 120 seconds, to account for ChR2 kinetics and reduce rundown (Zhang et
al., 2006; Schneider et al., 2015).

Recording data from unique sequences were concatenated between sweeps, with 360ms
excised surrounding each transition point (180ms in each direction around transitions between
contrast condition, or between unique and repeat segments). These transition-proximal data were
excluded to minimize the impact of non-random sequences on model construction (Victor, 1992;
in: Pinter and Nabet, 1992; Chichilnisky, 2001). This method accounts for some of the non-
random structure of the stimulus sequence, thereby helping to maintain orthogonality of stimulus
values at each time point (a major assumption of white noise-based methods, Chichilnisky,
2001). Further, this also counters some of the problems with excluding the autocorrelogram
deconvolution step when estimating kernels (as in Cembrowski, 2011). The isolated "unique'
data were used to generate the models shown throughout this dissertation. Recordings from
repeated sequences were averaged and used to test model predictions. Finally, individual repeat
sequences were used as an ongoing quality-check within each stimulus-response sweep. This
allowed us to exclude segments of data with signi cant rundown of the ChR2 response, and is

discussed further in Chapter 4.
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Figure 1.2: Schematic of L-N cascade modeling

For multiple experiments throughout this dissertation, a Gaussian white noise stimulus (modulated about a
background mean illumination level) was used to drive channelrhodopsin-2 in targeted bipolar cell types. Stimulus
sweeps contained two contrast conditions (visible indipdrace). Within each contrast segment, a unique sequence

(red) was used to build L-N models, while a repeated sequence (shared between different segments of a given contrast
condition) was used to test those models. From the stimulus 's(t)' and corresponding response 'r(t)', a linear kernel
can be estimatedk(cente). That kernel can then be used to estimate the generator signétegited, which allows

for estimation of the nonlinearity\) for each contrast condition. By equating the nonlinearities between conditions,

we can re-scale the kernels. The end result of that process yields the percent gain change as the difference between
the peak amplitudes of Iter peaks for the two contrast conditions. Finally, a modef)toan be generated and
compared to the averaged repeat sequemmpg),
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