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Abstract
Objective. Vision restoration with retinal implants is limited by indiscriminate simultaneous
activation of many cells and cell types, which is incompatible with reproducing the neural code of
the retina. Recent work has shown that primate retinal ganglion cells (RGCs), which transmit
visual information to the brain, can be directly electrically activated with single-cell, single-spike,
cell-type precision – however, this possibility has never been tested in the human retina. In this
study we aim to characterize, for the first time, direct in situ extracellular electrical stimulation of
individual human RGCs. Approach. Extracellular electrical stimulation of individual human RGCs
was conducted in three human retinas ex vivo using a custom large-scale, multi-electrode array
capable of simultaneous recording and stimulation. Measured activation properties were compared
directly to extensive results from macaque.Main results. Precise activation was in many cases
possible without activating overlying axon bundles, at low stimulation current levels similar to
those used in macaque. The major RGC types could be identified and targeted based on their
distinctive electrical signatures. The measured electrical activation properties of RGCs, combined
with a dynamic stimulation algorithm, was sufficient to produce an evoked visual signal that was
nearly optimal given the constraints of the interface. Significance. These results suggest the
possibility of high-fidelity vision restoration in humans using bi-directional epiretinal implants.

1. Introduction

Extracellular electrical stimulation of neurons has
been widely used for scientific investigation of the
nervous system and for the treatment of debilitat-
ing neurological conditions. Epiretinal implants, for
example, electrically activate retinal ganglion cells
(RGCs) in order to restore vision to people blinded
by photoreceptor loss (Humayun et al 2012, Goetz
and Palanker 2016). However, existing clinical devices
provide limited restoration of visual function due in

part to indiscriminate activation of many cells and
cell types (Goetz and Palanker 2016), a limitation
common to all existing neural implants. Recently,
experiments in isolated macaque monkey retina have
demonstrated precise, selective electrical activation of
RGCs of the major types at very low current levels,
in many cases with single-cell, single-spike resolu-
tion (Sekirnjak et al 2008a, Jepson et al 2013, 2014a,
Richard et al 2015, Grosberg et al 2017). These find-
ings support the possibility of delivering high-quality
artificial vision by approximately reproducing the
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neural code (Jepson et al 2014b, Shah et al 2019),
and could open the door to a new generation
of high-fidelity neural implants in other parts of
the nervous system. However, this precise, targeted
electrical activation of RGCs has never been per-
formed in the human retina. Thus it remains unclear
whether the promising findings in the macaque
can be harnessed to develop high-resolution retinal
implants for vision restoration.

Here, large-scale multi-electrode stimulation and
recording, combined with cell type identification
using visual stimulation, were used to determine
the electrical activation properties of populations of
RGCs in isolated human retina, and the findings were
compared to results from dozens of macaque retinas
in the same experimental conditions (Sekirnjak et al
2008a, Jepson et al 2013, 2014b, Grosberg et al 2017).
The results reveal that the electrical activation prop-
erties of the major human RGC types are well-suited
to precise extracellular reproduction of naturalistic
visual signals: low electrical activation thresholds,
selectivity of activation, identification of distinct cell
types based on their electrical properties, and effect-
iveness of stimulus optimization algorithms for arti-
ficial vision. These results, which are qualitatively and
quantitatively similar to findings in the macaque ret-
ina, demonstrate the ability to finely monitor and
control RGC activity and support the development of
high-resolution epiretinal implants.

2. Results

2.1. Electrical and visual stimulation of identified
RGC types in the human retina
To probe the focal electrical activation of the major
human RGC types, simultaneous stimulation and
recording with a large-scale high-density multi-
electrode array system (512 electrodes, 60 µm pitch),
combined with visual stimulation, were performed in
an isolated human retina using procedures developed
previously for macaque retina (Sekirnjak et al 2008a,
Jepson et al 2013, Grosberg et al 2017, see meth-
ods). To identify the four major RGC types in the
human retina, white noise visual stimulation was per-
formed, and reverse correlation was used to summar-
ize the spatiotemporal receptive field properties of
each cell (Chichilnisky 2001, Chichilnisky andKalmar
2002, Field et al 2007). These properties, and the
mosaic spatial organization of functionally identified
cell types (figure 1, side panels), uniquely identified
the ON-parasol, OFF-parasol, ON-midget and OFF-
midget RGC types (Chichilnisky and Kalmar 2002,
Field et al 2007, Kling et al 2020). These are the
numerically dominant RGC types in the human and
non-human primate retina, accounting for ∼65%
of the entire visual signal transmitted to the brain
(Rodieck 1998, Dacey 2004). In this study, analysis
was restricted to these four cell types.

A brief (∼0.1 ms) weak (∼1 µA) pulse of current
delivered extracellularly through a single electrode
was frequently able to evoke a single spike in one or
a few human RGCs with sub-millisecond temporal
precision, raising the possibility of high-fidelity vision
restoration. To quantify the probabilistic firing of
each RGC in response to electrical stimulation, a
triphasic current pulse (figures 1(B)–(E), top inset)
was delivered repeatedly through a single electrode.
In the 3 ms time window after the current pulse, the
recorded voltage waveform on the stimulating elec-
trode and nearby electrodes generally took one of
two forms: electrical artifact alone, or electrical arti-
fact with one or more evoked spikes superimposed
(figures 1(B)–(E), bottom inset). These spikes were
identified by clustering the recorded voltage wave-
forms and subtracting the average of the artifact-only
traces from the traces containing an evoked spike.
Each evoked spike waveform was then assigned to
the cell with the most similar spike waveform recor-
ded during visual stimulation (figures 1(B)–(E), see
methods). These steps were carried out using a novel,
automated graph-based spike-sorting algorithm (see
methods). For a given cell, the variation in the
time of the evoked spike from trial to trial was
small (∼0.03 ms SD; figures 1(C)–(F)), as expected
with the directly electrically elicited spikes produced
in the present experimental conditions (Sekirnjak
et al 2006). Increases in current amplitude pro-
duced a progressively greater probability of evok-
ing a spike, a relationship that was summarized
by a sigmoidal activation curve (figures 1(D)–(G)).
The activation threshold was defined as the current
level that produced an interpolated spike probability
of 0.5.

2.2. Electrical activation characteristics of human
RGCs are similar to macaque
Spatial maps of the sensitivity to electrical stimula-
tion for each recorded cell revealed activation at dis-
tinct cellular compartments (figure 2(A), middle).
The average spike waveforms recorded on all elec-
trodes in the absence of electrical stimulation were
used to identify the locations of somas and axons,
based on their amplitude, biphasic or triphasic
temporal structure, and propagation over space
(figure 2(A), top; (Petrusca et al 2007)). These fea-
tures broadly resembled the spatiotemporal spike
waveforms observed in macaque RGCs (figure 2(B),
top). The spatial maps revealed that each RGC could
be activated at several locations near the soma and
axon (figures 2(A) and (B)). For both human and
macaque retina, spiking response probabilities had a
sigmoidal relationship to stimulating current amp-
litude, with similar thresholds for axon and soma
(figures 2(A) and (B), bottom). In general, electrodes
near the dendrites did not evoke spikes in the current
range tested (Madugula et al 2021).
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Figure 1. Cell type classification and spike sorting of electrical stimulation data. (A) Center: recorded cells were separated into
distinct functional clusters by examining the receptive field diameter and the projection onto the first principal component of
light response time courses obtained from the spike-triggered average (STA) stimulus. The four numerically-dominant cell types
in the human retina—ON-parasol, OFF-parasol, ON-midget, and OFF-midget—were identified from these clusters. Flanking
panels: receptive field mosaics of each cell type and overlaid STA time courses of all cells from each cluster. The black rectangular
outline represents the approximate location of the electrode array. (B), (E) Artifact-subtracted voltage traces (red, black) recorded
after 25 trials of stimulation with a triphasic current pulse (top inset, scale bar: 1 µA). The recorded waveforms on many trials
(red) resembled the average spike waveform obtained with light stimulation (gray, dashed). Other trials resulted in no spikes
(black). The artifact estimate was obtained by averaging the responses recorded in automatically identified non-spiking trials
(black, inset). (C), (F) Latency of electrically-evoked spikes (tick marks) from trial to trial. (D), (G) Evoked spike probability as a
function of current amplitude. The spike probability (open circles) was computed for each current amplitude, and a sigmoidal
curve was fitted to the results (black curve, see methods). The red ‘X’ indicates the current level used in panels (B), (E).

To compare electrical response characteristics
across many cells of different cell types, 1807
activation thresholds resulting from somatic and
axonal stimulation in the four major human RGC
types were examined over five retinal preparations.
Thresholds for all four types were in a similar range
(∼0.7–3.7 µA), regardless of whether the stimu-
lating electrode was located over the soma or the
axon (figure 2(C)). Activation thresholds aggregated
over hundreds of RGCs from 18 macaque recordings
overlapped substantially with those of human RGCs
(figures 2(C) and (D); Jepson et al 2013). Specific-
ally the mean± standard deviation across recordings
of the median threshold of each recording for OFF-
midget, ON-midget, OFF-parasol, and ON-parasol
cells was, respectively, 1.9 ± 0.34 µA, 2.1 ± 0.38 µA,
2.3± 0.43 µA, and 2.2± 0.44 µA across 18 macaque
preparations, and 2.3 ± 0.35 µA, 2.5 ± 0.38 µA,
2.6 ± 0.49 µA, and 2.4 ± 0.35 µA across 5 human
preparations. The variation in activation thresholds
likely arises from variation in the distance between
the electrode and the site of spike initiation on the

cell (Sekirnjak et al 2008a, Guo et al 2019, Madugula
et al 2021).

2.3. Human RGCs can be selectively targeted and
electrically activated
To test whether it is possible for an individual human
RGC to be selectively activated without activating
other nearby cells, the activation curves of a collec-
tion of RGCs in a small area of a single recording were
determined in response to current passed through a
single electrode (figure 3). For each sample target cell
tested, adjacent non-target cells were identified based
on the proximity of their receptive fields, as a proxy
for the proximity of their somas (Kuffler 1953).

To examine selectivitywithin a cell type, the activ-
ation curve of the target cell was first compared to the
activation curves of the adjacent cells in the mosaic
of the same type obtained with the same stimulating
electrode (figure 3(A)). Note that spike sorting could
only be performed reliably in a subset (742/1050) of
the parasol and midget cells identified with visual
stimulation (see methods), limiting investigation to
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Figure 2. Electrical stimulation and recording of individual RGCs and populations of RGCs. (A), (B) The electrical image (EI) of
each cell (both OFF parasol cells in this example) is displayed in a box representing a region of the electrode array, with circles
indicating the locations of electrodes on which light-evoked spikes from the cell were detected. The size of each circle represents
the peak amplitude of the recorded spike at that electrode. Recorded spike waveforms are shown for three selected electrodes
located near the soma (top, blue) and axon (top, red). For each cell, several electrodes (filled circles) were capable of eliciting
spikes with electrical stimulation in the range of current amplitudes tested, while others were not (open circles). The colors of the
filled circles correspond to activation thresholds. Several electrodes with large recorded EI amplitudes elicited spiking activity in
the underlying cell that could not be easily analyzed and sorted (figure 2(A), (B), hollow circles; see methods). Activation curves
are shown for each example somatic (bottom, blue) and axonal (bottom, red) recording site. The threshold response probability
of 0.5 and current are indicated by dashed lines (bottom). (C) Activation thresholds for OFF and ON midget and OFF and ON
parasol cells from five human retina recordings (1807 thresholds from 742 cells). Thresholds from stimulating electrodes located
near somas and axons are indicated in blue and red, respectively. (D) Same as panel (C), but for 18 macaque recordings (3429
thresholds from 1948 cells).

one or two regions of the retina that contained locally
completemosaics of each cell type. Examples of target
cell activation at current amplitudes that did not
activate any of the neighboring non-target RGCs of
the same type were identified for each of the four
major cell types (figure 3(B)). These examples repres-
ent the pattern observed in the overwhelming fraction
(∼98%) of activated cells of each type.

To further test whether selectivity across cell types
could be achieved, an example target OFF-midget cell
and RGCs of all four major types with overlapping
or nearby receptive fields were analyzed. Selective
activation of the target OFF-midget cell was achieved
without activating the other cells (figure 3(C)), sim-
ilar to previous findings in the macaque (Jepson et al
2013). To determine the prevalence of this kind of
selective activation, activation thresholds of all meas-
ured cells were collected across cell types and pre-
parations. Out of the 22%, 24%, 42%, and 41% of
all recorded OFF-midget, ON-midget, OFF-parasol,
and ON-parasol cells that could be activated using at
least one electrode delivering currentwithin the tested

stimulus amplitude range, 71%, 81%, 93%, and 89%
respectively could be activatedwithout eliciting spikes
any other recorded cell.

Reconstituting high-resolution vision requires
not only selective activation of individual RGCs in
local regions, but also potentially requires avoid-
ing axons that run in bundles across the ret-
inal surface and convey visual signals from dis-
tant, unidentified cells. To test whether this is
possible, bundle activation thresholds were meas-
ured at each electrode. This was accomplished by
identifying the lowest current amplitude that pro-
duced bi-directionally propagating electrical activity
(Grosberg et al 2017) that reached opposite edges
of the array (rather than terminating at a soma on
the array), a signature of axon bundle activation
(Tandon et al 2021). Bundle activation thresholds
were then compared to RGC activation thresholds
on the same electrodes. In the 4 retinal prepara-
tions tested, only a minority of electrodes (27%)
activated individual RGCs at current levels below
bundle activation threshold (figure 3(D)), confirming

4
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Figure 3. Cellular selectivity of electrical stimulation within and across cell types, and with respect to axon bundles.
(A) Activation curves of a target cell (black) and neighboring cells of the same type (shades of blue). For each cell type, it was
possible to activate a target cell (spike probability > 0.75) without activating neighboring cells of the same type (spike
probability< 0.25). The largest current amplitude that produced selective activation is shown by the dashed vertical line, and the
response probability of the target cell at this amplitude is marked by a red or orange ‘X’. (B) Receptive fields of the target cell
(center) and neighboring cells from panel (A). Receptive field fill colors indicate the spike probability at the current amplitude
marked in panel (A) (vertical line). For each set of analyzed cells, the stimulating electrode location is represented by a gray dot on
the inset array (scale bars: 250 µm). (C) Same as panel (B), but for a single OFF-midget target cell (arrow) with neighbors of each
type shown in a separate panel. In the right three panels, the target OFF-midget cell receptive field is represented by an open
orange ellipse. The open black receptive fields indicate cells for which electrically elicited spikes were not identified. (D)
Thresholds from five human retina recordings (742 total cells analyzed, 1260 cell-electrode pairs). Each electrode has a single
associated bundle threshold and activation threshold, corresponding to the selectively activated cell. (E) Same as panel (D), but
for macaque retina (18 recordings, 1948 analyzed cells at 2753 distinct stimulating electrodes).

the substantial challenge of bundle activation
(see discussion).

To determine the potential impact of axon
bundles on the ability to selectively activate single
cells, activation thresholds were compared to bundle
thresholds. In human retina preparations, 228/742
(31%) of analyzable cells (all four types) were
selectively activated below the bundle threshold
at 279/1260 stimulation electrodes tested. Com-
parison to data from 18 macaque preparations

revealed a similar distribution of RGC and bundle
activation thresholds (figure 3(B)), with 664/1948
(34%) cells selectively activated at 869/2753 stim-
ulation electrodes without bundle activation.
This undesirable axon bundle activation lim-
its the selectivity of epiretinal stimulation. How-
ever, with appropriate calibration, the electrodes
that activate individual RGCs at current levels
below bundle threshold can be identified and used
(see discussion).
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Figure 4. Identification of the four major RGC types and performance of a simulated stimulation procedure. (A) Histograms of
axon conduction velocities for 251 ON-parasol, OFF-parasol, ON-midget and OFF-midget cells computed from electrical images.
(B) Spike train ACFs for 89 ON and OFF parasol cells. Inset: clustering of projections onto the top seven principal components
separates ON from OFF cells. Black circles represent centroids of each cluster. (C) Same as panel B, but for 184 ON and OFF
midget cells. The same recording was used for panels (A) and (B), but a separate recording was used for panel C. (D) Schematic
representation of a perceptual image reconstruction paradigm to guide prosthetic stimulation (see Results). (E) Relative
mean-squared error of predicted reconstruction using a temporally dithered stimulation algorithm with respect to 15 randomly
generated target images (green bars; dashed green line shows mean), compared to the error between randomly chosen target
images (red bars and line), and the mean error of optimally chosen stimulation sequences (blue arrow).

2.4. Identification of cell types for optimal
electrical stimulus delivery
Effectively utilizing high-resolution electrical stimu-
lation in a clinical implant requires identifying and
targeting functionally distinct RGC types without
the ability to measure light-evoked responses. In
the macaque retina, cell type identification using
only their electrical properties has been demonstrated
(Richard et al 2015). To test whether this is also pos-
sible in the human retina, recorded electrical features
were used to distinguish the four major RGC types.
Axon conduction velocity, estimated from the EIs of
recorded cells (figure 4(A), see methods), correctly
distinguished 250/251 parasol andmidget cells in one
recording (figure 4(A)), and 141/149 cells in a second
recording (not shown) (Li et al 2015). Within the
parasol and midget cell classes, the autocorrelation
function (ACF) of the recorded spike trainwas used to
distinguish ON and OFF cells (see methods, Devries
and Baylor 1997, Field et al 2007, Rhoades et al 2019).
The ACFs of ON-parasol and OFF-parasol cells were
visibly distinct, and k-means clustering (k = 2) of
projections onto the first seven principal compon-
ents enabled cell type separation that was correct for
86/89 cells in one recording (figure 4(B)) and 72/84
cells in a second recording (not shown). Discrimina-
tion of ON-midget from OFF-midget cells based on
ACFs was ineffective in one recording (277/423 cells,
not shown), but was effective in a second recording
(176/184 cells, figure 4(C)). Although this variability

requires further characterization and may pose a
challenge in clinical implants (see Discussion), the
results demonstrate that recorded electrical features
of cells, such as EIs and ACFs, have the potential to
enable cell type identification.

To assess whether identified RGC activation
curves could be used to guide optimal electrical
stimulation strategies for vision restoration, a newly
developed stimulation algorithm and assessment
metric were employed (figure 4(D), Shah et al 2019).
To produce high-fidelity artificial vision, precise RGC
activity evoked by individual electrodesmust be com-
bined across the array to reproduce the rich spati-
otemporal response patterns similar to those evoked
by natural visual stimuli. However, in general this
cannot be achieved simply by passing current through
multiple electrodes simultaneously, because currents
delivered by different electrodes often combine non-
linearly to influence firing (Jepson et al 2014a). A
recently developed approach uses temporally dithered
current pulses (Shah et al 2019) to address this prob-
lem, exploiting the relatively slow temporal integra-
tion of visual perception (tens of milliseconds, see
Wandell 1995) compared to the high temporal pre-
cision of epiretinal stimulation (∼0.1 ms) and elec-
tronic hardware (figures 1(C)–(F)). Briefly, a tar-
get visual stimulus is converted into a sequence of
single-electrode stimuli, each probabilistically evok-
ing spikes in one or more target cells. The perceived
reconstructed image is assumed to depend only on
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the total number of spikes generated by each cell
within the integration time of the visual system (here,
we assume 50 ms). This approach was simulated
using measured activation curves and a linear decod-
ing model of the resulting perceived image, with a
sequence of stimuli chosen to reduce the error max-
imally at each time step (see methods). This pro-
cedure resulted in an expected mean-squared error
of 37% relative to the random checkerboard target
images (figure 4(E), green bars and line). This was
substantially smaller than the error between two ran-
domly selected target images (170%; figure 4(E), red
bars and line) and only slightly larger than a lower
bound on the optimal stimulation algorithm (36%;
figure 4(E), blue arrow; see methods for details).
The similarity of these results to previous findings in
macaque retina (Shah et al 2019) suggests that this
efficient stimulation approach may translate effect-
ively for vision restoration in humans.

3. Discussion

The present results reveal that high-fidelity electrical
stimulation of RGCs in the peripheral human retina
is possible, closely matching findings in macaque ret-
ina, a potentially crucial finding for epiretinal implant
design electrical activation of the four numeric-
ally dominant cell types—ON-parasol, OFF-parasol,
ON-midget and OFF-midget—with sub-millisecond
precision and low activation thresholds, was very sim-
ilar to macaque (figures 1 and 4; Jepson et al 2013). In
some cases, activation of a single RGC without activ-
ating neighboring RGCs (figure 3, Jepson et al 2013)
or axon bundles (figure 3, Grosberg et al 2017) was
possible, providing evidence for cellular-level con-
trol of the neural code. It was also possible to distin-
guish the four major cell types using only electrical
features (figure 4, Richard et al 2015) rather than
light response properties which would not be avail-
able in a blind person. Finally, simulation of a tem-
poral dithering strategy approached the performance
of an optimal stimulation algorithm (Shah et al 2019).
Below, we discuss the applicability of the present res-
ults to a future retinal implant, as well as caveats and
potential extensions.

These results suggest that future retinal implants
could exploit focal RGC stimulation to provide high-
fidelity artificial vision to the blind. Existing implants
that directly stimulate RGCs are capable of elicit-
ing coarse light percepts, but provide little restora-
tion of useful vision (Weiland et al 2011, Humayun
et al 2012, Goetz and Palanker 2016). A major lim-
itation of these devices is that their large stimulat-
ing electrodes result in indiscriminate activation of
multiple cells and cell types. A faithful replication
of the neural code of the retina instead requires the
ability to stimulate individual RGCs of each major
type in distinct, naturalistic temporal patterns. The

previous findings in the macaque retina (Sekirnjak
et al 2008a, Jepson et al 2013, Grosberg et al 2017)
and now in the human retina collectively demon-
strate the possibility of such control over RGC activ-
ation, in some cases with single-cell, single-spike
precision.

Axon bundles pose a major challenge for accur-
ately reproducing the neural code with epiretinal
stimulation: only aminority of targeted human RGCs
(figure 3(D)) could be activated without activating
axon bundles, as inmacaque retina (figure 3(E)), con-
sistent with perceptual reports from human patients
with epiretinal implants (Nanduri 2011). Previous
work in macaque retina showed that nearly half of
the cells that could be activated without activating
their neighbors could also be activated without activ-
ating axon bundles (Grosberg et al 2017). Although
this proportionwas difficult to estimate reliably in the
human data because of the limited number of ana-
lyzable cells, the present findings in the human ret-
ina are qualitatively consistentwith themacaque find-
ings (figures 3(D) and (E)). As in the macaque data,
the present findings suggest that many electrodes
will not be able to avoid activating axon bundles,
and therefore that a calibration procedure to identify
and avoid those electrodes will be crucial for a clin-
ical implant. An alternative approach could involve
surgically severing incoming axon bundles on the
distal side of the array during device implantation,
inducing axon degeneration (although the possibil-
ity of unwanted side-effects is a concern). Another
approach might be to implant the device at other ret-
inal locations such as the raphe region, which has
a relatively low density of axon bundles—results in
macaque indicate that a larger fraction of RGCs in
the raphe can be activated without axon bundles
(Grosberg et al 2017). Finally, as ongoing work sug-
gests, increasing the electrode density of the multi-
electrode array (MEA) increases the number of activ-
ation sites for each cell, significantly expanding the
opportunities for selective activation (Gogliettino
et al 2022).

High-fidelity visual reconstruction relies on cell
type identification, but the light response properties
that can be exploited for this purpose in a healthy
retina (figure 1, Kling et al 2020) are unavailable
in the retina of a blind person. Previous work in
macaque retina (Richard et al 2015) and the present
work (figure 4) show that features of the electrical
image (EI) and the spike train ACF can be used to
distinguish the four numerically dominant cell types,
without analysis of light responses. One feature of the
EI—axon conduction velocity—reliably separated
parasol cells from midget cells (figure 4(A)) consist-
entwithwell-knownbiophysical distinctions between
these cell types in the macaque retina (Fukuda et al
1988, Li et al 2015). Features of the ACF separated the
ON and OFF types within the parasol and midget cell
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classes (figures 4(B) and (C)). However, because the
temporal structure of ACFs varies between retinas,
these features may be difficult to use for identifying
(rather than merely distinguishing) cell types (see
Field et al 2007, Rhoades et al 2019). This suggests
that further analysis of EI features, or patient feed-
back about the perceived brightness of phosphenes
evoked by electrical stimulation, could be important
for identifying cell types in the clinic. In addition, ON
andOFFmidget cells were reliably separated based on
ACFs in one recording but not in the other (see res-
ults), againmotivating further investigation of EI fea-
tures. Finally, cells of other types were not considered
in this analysis, butmay be important for the function
of a clinical implant.

Changes in the retina during degeneration could
introduce additional challenges. First, the electrical
activity used here for cell type identification was
light-driven, whereas an implant in a blind person
would rely on recording spontaneous activity. Spon-
taneous activity in the major RGC types in anes-
thetized macaques is high (20–30 Hz) (Troy and Lee
1994), but has not been measured in humans. Some
studies have indicated that spontaneous RGC activ-
ity increases during retinal degeneration (Pu et al
2006, Margolis et al 2008, Margolis and Detwiler
2011), however, results in a rat model of photore-
ceptor degeneration indicate that spontaneous activ-
ity increases in OFF cells but declines in ON cells
(Sekirnjak et al 2011). Second, it is unclear whether
the structure of the ACF changes during degenera-
tion. It seems unlikely that ON and OFF cell ACFs
would become much more similar to one another,
unless the distinctions between them in the healthy
retina are primarily a result of presynaptic activity
that is lost during degeneration, which is unlikely
based on previous work (Sekirnjak et al 2011). How-
ever, changes during degeneration could make it dif-
ficult to identify (as opposed to distinguish) cell types
based on ACFs. Third, it is unclear how EIs would be
affected by degeneration, although their overall form
probably dependsmostly on themorphological struc-
ture and ion channel distribution of the cell, which
may remain relatively stable (but see Chen et al 2013
Walston et al 2013). Finally, for clinical application
it will be critical to verify that electrical stimulation
thresholds in the degenerated retina are comparable
to those in the healthy retina, as has been previously
demonstrated in a rat model of retinal degeneration
(Sekirnjak et al 2009).

Caveats about the extent of the present data are
also worth highlighting. Due to the scarcity of healthy
human donor retinas, analysis of electrical responses
was restricted to only five human retinal prepara-
tions from three donors. Although comparison to
the macaque revealed many similarities, the data are
insufficient to quantify the variability across human
retinas. Additionally, due to the wide-range of pre-
existing health conditions of each human donor, as

well as the variable timing and details of enucleation,
the apparent health of the retina was variable andmay
have resulted in the loss of some cell types (e.g. some
OFF cells in figure 1).

The present results are compatible with
combining the activation of individual RGCs over
space and time to reproduce the complex spatiotem-
poral patterns of activity that occur in natural vision.
Prior work in macaque has shown that spatiotem-
poral patterns of activity in small groups of cells
can be reproduced with high fidelity (Jepson et al
2014b). More recently, closed-loop methods have
been developed to minimize the difference between a
target visual image and an estimate of the perceived
image obtained through electrical activation, based
on pre-calibrating the activation of RGCs of differ-
ent types and temporal dithering during stimulation
(Shah et al 2019). The performance of this method in
the present human data resembles results in macaque
(see results), suggesting that it can be applied to a
future implant.

We speculate that, given the putative biophysical
similarity between RGCs and spiking neurons in the
brain (Fohlmeister et al 1990, Greenberg et al 1999),
the two principal results of this study—fine extracel-
lular control of spiking in human neurons and quant-
itative similarity to themacaque—will extend to other
parts of the nervous system. The ability to finely con-
trol activity in neural circuits with electronic implants
could significantly advance our understanding of
human neural processes and advance treatments for
a wide range of nervous system disorders.

4. Materials andmethods

4.1. Retinas and preparation
Human eyes were obtained from three brain-dead
donors (29 year-old Hispanic male, 27 year-old His-
panic male, 47 year-old Caucasian female) through
Donor Network West (San Ramon, CA). Macaque
eyes were obtained from terminally anesthetized
animals sacrificed by other laboratories, in accord-
ance with Institutional Animal Care and Use Com-
mittee guidelines. Following enucleation the eyes
were hemisected, the vitreous was removed in room
light, and the eye cup was stored in oxygenated
Ames’ solution (Sigma) at 33 ◦C. Electrophysiolo-
gical data were recorded from portions of the retina,
as described previously (Jepson et al 2013, Grosberg
et al 2017). Small (∼3 × 3 mm) segments of peri-
pheral retina (10–14mm temporal equivalent eccent-
ricity from the fovea) were isolated from the sclera,
detached from the pigment epithelium, and heldRGC
side down on a multielectrode array (see below).
In one recording (figures 4(A) and (B)) the pig-
ment epithelium remained attached (12 mm from
the fovea on the superior vertical meridian). For
macaque preparations, the retina was detached from
the pigment epithelium and eccentricities ranged
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from 8 to 12 mm temporal equivalent (Chichilnisky
and Kalmar 2002).

4.2. Electrophysiological recording and visual
stimulation
Recording and stimulation were performed with a
custom 512-electrode (10 µm diameter, 60 µm pitch,
1.7 mm2) recording and stimulation system sampling
at 20 kHz, as described previously (Litke et al 2004,
Hottowy et al 2008, Hottowy et al 2012, Grosberg
et al 2017). Spikes recorded from individual neurons
during visual stimulation were identified and segreg-
ated using standard spike sorting techniques (Litke
et al 2004, Lee et al n.d., Pachitariu et al n.d.). To
identify the type of each recorded cell, the retina was
visually stimulated with a binary white noise stim-
ulus, and the spike-triggered average (STA) stimu-
lus was computed for each RGC (Chichilnisky 2001,
Chichilnisky and Kalmar 2002). The STA summarizes
the spatial, temporal, and chromatic structure of the
light response. The spatial receptive fields and time
courses obtained from the STA were used to identify
the distinct cell types (figure 1), as described previ-
ously (Chichilnisky and Kalmar 2002, Field et al 2007,
Rhoades et al 2019, Kling et al 2020). EIs, obtained by
averaging thousands of spatiotemporal voltage pat-
terns over the array at the times of the identified spikes
from each RGC (Litke et al 2004, Petrusca et al 2007)
were used to infer the spatial location of the soma
and axon (figure 3) and to identify electrically elicited
spikes (see below) ( Jepson et al 2013).

4.3. Electrical stimulation and spike sorting
Electrical stimuli were triphasic current waveforms,
consisting of a negative current stimulating phase
lasting 50 µs (one sample) preceded and followed by
charge-balancing positive phases of equal duration,
with relative amplitudes 2:−3:1 (figures 1(A)–(D),
top inset), passed through one electrode at a time.
At each electrode, 40 current amplitudes in the range
0.1–4.1 µA were delivered 25 times each (Jepson et al
2013, Grosberg et al 2017).

An automated spike sorting method was used to
identify human and macaque RGC responses to elec-
trical stimulation. The method resembles the pro-
cedure used to classify spikes manually in previ-
ous work (Sekirnjak et al 2006, 2008a, Jepson et al
2013, 2014a, 2014b, Grosberg et al 2017). Briefly,
for each stimulating electrode, a set of potentially
activatable target RGCswas identified, based on light-
evoked spikewaveforms featuring negative peak amp-
litudes larger than the noise threshold for that elec-
trode (twice the standard deviation of the recorded
electrical noise, see below). For each target RGC, a
set of recording electrodes with light-evoked spike
waveforms exceeding the noise threshold was iden-
tified. Then, for each stimulus amplitude, across all
recording electrodes for all target RGCs, voltage traces
recorded in the 3 ms period following current pulses

delivered by the stimulating electrode were collected
and grouped using unsupervised clustering. For each
pair of clusters, signals were subtracted, aligned, and
averaged to obtain residuals. These residuals were
iteratively compared to each of the recorded light-
evoked waveforms of all target cells on all recording
electrodes to identify the set of cells contributing to
each stimulation trial for each amplitude. The cluster-
ing approach enabled the algorithm to identify spikes
in recorded traces containing bundle activity, because
the latter is consistent across stimulation trials (Mena
et al 2017) and therefore was identified as an electrical
artifact. The accuracy of the algorithm was assessed
by comparing identified activation curves with activ-
ation curves obtained using manual spike sorting.
Across 227 activation curves (see below) obtained
from five different human retina preparations and
1657 activation curves across 18 different macaque
retina preparations, 94.3%of automatically identified
thresholds were within 0.2 µA of the corresponding
manually identified threshold.

To enable accurate spike assignment, only cells
with recorded absolute spike amplitudes of at least
60µVon at least one electrodewere analyzed, because
spikes with lower amplitudes were difficult to visu-
ally distinguish fromnoise. This thresholdwas empir-
ically supported by quantification of the automated
spike sorting error rate (relative to manual spike sort-
ing) as a function of recorded spike amplitude. Even
after filtering cells by this threshold, in some cases
large electrical stimulation artifacts, axon bundle
activation, or other biological activitymade it difficult
to assign spikes to identified cells with confidence.
These cells were manually examined and excluded
from further analysis. Of the 1050 parasol and mid-
get cells identified during visual stimulation across
human retinal preparations, 742 were analyzable by
the above criteria.

In general, electrodes that recorded large-
amplitude EI waveforms from a particular cell
(>∼45 µV for axonal electrodes, >∼95 µV for
somatic electrodes) could elicit a spike in that cell.
However, in many cases spike sorting was complic-
ated by-sorting was often difficult or impossible in
the context of simultaneous axon bundle activity and
electrical artifact. The completeness of spike sorting
is explored in more detail in (Madugula et al 2021)

For each analyzed cell, spike probabilities were
computed over the 25 repeats of each stimulus, and
were modeled as a function of current amplitude by a
sigmoidal relationship:

p(a) =
1

1+ e−k(a−b)

where a is the current amplitude, p(a) is the spike
probability, and k and b are free parameters. Fitted
curves were used to compute the activation threshold,
defined as the current amplitude producing a spike
probability of 0.5.
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4.4. Estimation of axon bundle activation
thresholds
For each stimulating electrode, axon bundle
activation thresholds were estimated using a method
previously described (Tandon et al 2021). Bundle
activation can be detected by bidirectional propaga-
tion of an evoked electrical signal that, unlike the
activity of a single cell, increases progressively in amp-
litude with increasing stimulation current (Grosberg
et al 2017). Human observers visually inspected a
movie of recorded voltage on the array for a period
of 2 ms after electrical stimulation. Bundle activation
threshold was defined as the lowest stimulus amp-
litude at which bidirectional activity that increased
with stimulating current reached at least two edges of
the array, implying that the signal originated at least
partly in the axons of cells with somas off the array.
For a small number of electrodes near the edges of the
array, bidirectional activity was not easily discerned.
At these electrodes, the bundle activation threshold
was defined as the lowest current level at which uni-
directional activity grew in amplitude with current
level, was clearly larger than the typical single-axon
signal obtained from EIs (∼35 µV), and propagated
to a single distant edge of the array.

4.5. Distinguishing midget and parasol cells using
axon conduction velocity
The axon conduction velocity of each cell was estim-
ated using axonal EI waveforms upsampled tenfold in
time to improve peak spike time estimation (figure 3,
top; see Petrusca et al 2007, Li et al 2015). Among all
the electrodes recording axonal signals from a given
cell, the distance between each pair of electrodes was
divided by the corresponding time difference of the
negative peaks of the EI waveforms, producing a col-
lection of velocity estimates. The conduction velocity
for the cell was estimated by computing a weighted
average of these pairwise estimates, with the weight
for each pair of electrodes given by the product of the
peak EI amplitudes on the electrodes. Electrode pairs
were excluded if the difference in time at minimum
voltage was less than the sampling interval (0.05 ms).
Only velocity estimates corresponding to the largest
ten weight values for each cell were used. EIs that were
visibly corrupted by errors in spike sorting or that
contained fewer than eight axonal electrodes were
excluded from analysis. With this filtering, analysis
was restricted to 251 of the 520 cells in one recording
and 149 of the 270 cells in a second recording.

4.6. Distinguishing ON and OFF cells using ACFs
The ACF of the recorded spike times for each cell was
used to discriminate ON and OFF cells (see Field et al
2007, Rhoades et al 2019). For each cell class (mid-
get, parasol) principal components analysis was per-
formed on the L2-normalized ACFs of all cells, and
k-means clustering (k = 2) was performed over the

projections onto the top seven principal components.
A cell was considered correctly separated if it was
assigned to a cluster in which its type was the most
numerous.

4.7. Analysis of temporal dithering for optimizing
artificial vision
The temporal dithering algorithm uses the measured
responses to electrical stimulation to select a sequence
of stimuli intended to produce perception matching
a target visual image as closely as possible (Shah et al
2019). This approach is based on the assumption that
visual perception is determined by the total num-
ber of spikes from each RGC within the integration
time of the visual system (∼50ms; seeWandell 1995),
during which many stimuli can be applied. Specific-
ally, the approach requires a dictionary containing
elements representing the spike probabilities of all
cells for each distinct electrical stimulus tested (in this
case, each electrode and current level), a target visual
image, and a decoder which computes an estimate of
the visual image from the spike counts of all cells dur-
ing the integration time window. Responses of ON
and OFF parasol cells that could be stimulated by at
least one electrode were used to construct the diction-
ary. Due to the limited number of analyzable cells,
dictionary elements that activated axon bundles were
permitted in the analysis, although this would not be
appropriate for a clinical implant.

White noise images were chosen as targets for
reconstruction. To compute spatial reconstruction fil-
ters for each cell, light response properties (figure 1)
were first used to simulate responses to flashed white
noise images. The response of each RGC was sim-
ulated by computing the inner product between
the stimulus and the spatial component of the STA
and then rectifying the result. The STAs of all cells
were then multiplied by a common scalar such that
the average parasol cell firing rate matched experi-
mental data (∼3 spikes on average per 100 ms flashed
image in the peripheral retina). Finally, optimal lin-
ear reconstruction filters were computed using least-
squares regression between the simulated responses
and the stimuli.

To simulate the temporal dithering approach, a
sequence of electrodes and stimulating current amp-
litudes was chosen greedily, maximizing the expected
reduction in mean squared error between the target
and linearly decoded image in each stimulation time
step. The performance of the algorithm was meas-
ured as relative mean squared error (mean squared
error divided by mean squared intensity of the target
image) over the pixels covered by the receptive fields
of all cells used. The error of the algorithm was com-
pared to a lower bound on the error of an optimal
algorithm, in which the entire stimulation sequence
was optimized to minimize the error between the tar-
get and decoded image (Shah et al 2019).
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