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Abstract
Objective. Intracellular patch-clamp electrophysiology, one of the most ubiquitous, high-
fidelity techniques in biophysics, remains laborious and low-throughput. While previous
efforts have succeeded at automating some steps of the technique, here we demonstrate a
robotic ‘PatcherBot’ system that can perform many patch-clamp recordings sequentially,
fully unattended. Approach. Comprehensive automation is accomplished by outfitting the
robot with machine vision, and cleaning pipettes instead of manually exchanging them.
Main results. the PatcherBot can obtain data at a rate of 16 cells per hour and work with no
human intervention for up to 3 h. We demonstrate the broad applicability and scalability of
this system by performing hundreds of recordings in tissue culture cells and mouse brain
slices with no human supervision. Using the PatcherBot, we also discovered that pipette
cleaning can be improved by a factor of three. Significance. The system is potentially
transformative for applications that depend on many high-quality measurements of single
cells, such as drug screening, protein functional characterization, and multimodal cell type
investigations.

Keywords: patch-clamp, robotics, machine vision
Supplementary material for this article is available online

(Some figures may appear in colour only in the online journal)

Introduction assays typically analyze cells based on fluorescence; however,

for many drug screening and cell profiling applications, elec-
The ability to profile individual cells has been transformative  trical properties of cells must also be measured [5, 6]. The
for investigating intact and diseased tissue, screening drugs, highest-fidelity technique to capture the electrical activity of
and studying cell types [1-4]. Existing microscopy-based single cells is whole-cell patch clamp recording which can
. _ ) . ) report current and voltage fluctuations at a spatiotemporal
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tute, Ashburn, United States of America resolution beyond the capability of other techniques [7]. The
7 Author to whom any correspondence should be addressed. whole-cell configuration also uniquely offers direct molecular
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access to the cell membrane and cytosol, enabling fine control
of the intracellular milieu. Among other uses, it is a gold-stan-
dard technique for screening and validating novel indicators
and effectors of electrical activity such as opsins and fluores-
cent sensors [8—13]. However, the tradeoff for superior signal
quality is low throughput since patch-clamp is notoriously
laborious and time-consuming, precluding its widespread use
for high-throughput screening [14].

Patch-clamp is low-throughput primarily due to its manual
nature, in contrast to microscopy- and cytometry-based assays.
It requires the use of micromanipulators to steer pipettes
to individual cells of interest, pipette suction (typically, by
mouth) to form a seal with the cell membrane, and pipette
replacement after every recording. Further, when studying
cells in intact tissue such as brain slices, additional care must
be taken to avoid neighboring cells and compensate for tissue
deformation. With significant practice, investigators become
adept at these tasks but performing patch-clamp recordings
is low-throughput (on the order of 10 recorded cells per day
[15]), and highly variable in success rate (~30%—90% of
attempts are successful) even for experienced users [16—18].

Parts of the patch-clamp technique have been automated
by us and other groups but fully unsupervised operation has
heretofore not been achieved [19]. Dissociated cells can be
studied with planar patch-clamp systems that are fully auto-
mated but cannot be used for adherent cells or cells in tissue
[20]. For these preparations, a computer-assisted system
was previously developed to automate pressure control and
aspects of actuator positioning to enable up to 12 cells to
be patch-clamped simultaneously [21]. Similarly, our group
has previously developed variations of the Autopatcher and
ImagePatcher, robotic systems for performing blind and
image-guided recordings, respectively [16, 22, 23]. However,
these solutions and others [24—27] only automate several steps
of a typical experiment. While these automation technologies
do save time, they still cannot work unsupervised for more
than a few minutes.

Accordingly, the main contribution of this paper is the
development of the PatcherBot, a fully automated patch-
clamp electrophysiology system that enables the user to walk
away from the experiment after choosing target cells. In con-
trast to previous methods which have automated portions of
a single trial, the PatcherBot performs multiple patch-clamp
trials sequentially. This system is enabled by two advances.
First, pipette cleaning [28] circumvents the need to manu-
ally swap pipettes between attempts. Second, machine vision
techniques for cell detection, tracking, and pipette identifi-
cation enable the automation of the most difficult manual
aspects of patch-clamp recording. We have previously per-
formed pilot trials of the system in cultured cells [28]. Here,
we demonstrate its usability and quantify its throughput in
a variety of electrophysiology experiments. The throughput
improvement and commoditization offered by the PatcherBot
could thus enable the application of single-cell electrophysi-
ology to fields requiring large-scale data collection such as
drug screening, cell characterization, and neuronal connec-
tivity profiling.

Materials and methods

PatcherBot hardware

The robotic system was based on a conventional electrophysi-
ology setup (SliceScope Pro 3000, Scientifica Ltd), com-
prising two motorized PatchStar micromanipulators mounted
on a motorized stage. Samples (cultured cells and brain slices)
were imaged using a 40 x objective (LUMPLFL40XW/
IR, NA 0.8, Olympus) on a motorized focus drive, illumi-
nated under differential interference contrast (DIC) with an
infrared light-emitting diode (Scientifica), and captured with a
Rolera Bolt camera (QImaging). Kohler illumination was set
up and routinely checked to ensure consistent illumination.
A peristaltic pump (120S/DV, Watson-Marlow) was used to
perfuse cells and slices with buffer solution. Recordings were
acquired using the Multiclamp 700b amplifier (Molecular
Devices) and digitized to a USB-6221 OEM data acquisi-
tion board (National Instruments). We performed two main
hardware modifications to the conventional Scientifica elec-
trophysiology workstation to enable full automation. First,
we built a custom two-channel pipette pressure controller. For
each pipette, pressure was controlled by a £10 psi regulator
(QPVITBNEENI10P10PSGAXL, ProportionAir) using an
analog (0-10 V) control signal. The control signal for each
regulator was generated by a microcontroller (Arduino Uno,
Arduino) via a digital-to-analog converter (MAX539, Maxim
Integrated). Individual pressure regulators for each pipette
were necessary to ensure that different pressures could be
maintained on each pipette, e.g. if one pipette is forming a seal
(atmospheric or negative pressure), and another is approaching
a neuron (positive pressure). The second modification was a
custom-machined electrophysiology chamber (supplemen-
tary figure 1 (stacks.iop.org/JNE/16/046003/mmedia)) with
small side chambers for cleaning and rinsing solutions. The
chamber could be used for up to four manipulators.

PatcherBot software

A finite state machine architecture was implemented to
repeatedly patch-clamp user-selected cells (supplemen-
tary figure 2). The overall steps in the block diagram were
unchanged between HEK cell preparations and brain slice
preparations; however, specific details of the ‘calibration’,
‘descend pipette’, ‘approach cell’ and ‘establish seal’ states
necessitated adjustments. The software (written in LabVIEW,
National Instruments) interfaces with the MATLAB-based
cell tracking algorithm [29], communicates with the stage,
manipulators, and pipette pressure controller with a serial
interface, and communicates with the amplifier using an
ActiveX interface.

Initialization

Upon software initialization, the user is asked to load the
pipette and perform an initial calibration (calibrate, supple-
mentary figure 2). To perform the calibration, the user first
centers the pipette under the objective and the software zeros
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the coordinate systems of the manipulator and stage. At this
time, it also stores an image of the pipette to be used for
machine vision. Then, the user defines a ‘HOME’ position
for the pipette. It serves as an intermediate position for the
pipette between the sample chamber and the clean/rinse baths.
The position must be sufficiently far from the sample to avoid
pipette collisions with the objective. The user then identifies
the positions of the clean/rinse baths. These steps are neces-
sary for every pipette due to inter-pipette differences in taper
and tip geometry. The pipette is subsequently returned to the
‘HOME’ position.

The user then chooses a ‘parking plane’, an XY plane
normal to the slice surface (or cover slip for HEK cells)
defined by z = z,4« Where zp4 is ideally 20-50 pum above
the tissue surface (or cover slip). Pipettes will ‘park’ on this
plane prior to patching in order to perform the pipette refo-
cusing routine (supplementary figure 4(c)). Finally, the user
picks any number of cells, up to 10 per pipette when using
Alconox as the cleaning agent (pick cells, supplementary
figure 2). Selected cells are outlined with a red circle and an
index number (supplementary figure 3). When a cell is picked,
the program stores the coordinates of each cell as well as an
image of the cell (200 x 200 pixels) for later machine vision
use. Overall, the initialization procedure takes ~4min for
single-manipulator operation and ~8 min for dual-manipulator
operation.

Unattended operation

Once the PatcherBot is initialized and loaded with cell loca-
tions, the remaining procedure is fully automated. First, a
user-picked cell is brought into focus (focus on cell i, sup-
plementary figure 2) and a recalibration is performed (reca-
librate, supplementary figures 2 and 4(a)). When the stage
focuses on a target cell, there is error (0—10 pm) that is caused
by one or more of the following factors: (1) drift of tissue slice
or the cover slip, (2) mechanical drift in the optical system, (3)
imprecision in the stage actuation and (4) inaccuracies in the
manual calibration. The error is corrected by finding the true
cell position using normalized 2D cross-correlation (NI Vision
Development Module, IMAQ Find Pattern) and moving the
stage to that position (supplementary figure 4(b)). If the cell is
not found in the field of view, the focusing plane is changed in
2 pm step increments over 20 ym. When the cell is found, the
coordinate system of the stage and every active pipette undergo
a translation by (xfound — Xorigs> Yfound — Yorig»> Lfound — Zorig)
where (Xfpund, Yfound» Zfouna) are the coordinates of the detected
cell and (xorig,yorig,zorig) are the original coordinates where
the cell was expected to be. After the coordinate transform,
the stage is focused on the true position of the cell. If the cell
is not found in any plane, the stage returns to the original
expected coordinates of the cell (Xorig, Yorigs Zorig)-

The stage subsequently focuses on (Xfund, Yfounds Zpark)s
directly above the cell, in the ‘parking plane’ the user selected
earlier. The pipette moves to those coordinates with some error
(typically, 0-20 pm away from true location). This is due to
two major factors: (1) micromanipulator drift or low repeat-
ability and (2) calibration-based errors. The calibration-based

errors stem from unavoidable angular inaccuracies of the ini-
tial manual calibration step. To correct for the error, we use
the same refocusing technique as in the cell refocusing step
(supplementary figure 4(c)). Briefly, the pipette tip is found
using machine vision, moved to the true (.Xfound,yfgund, Zpark)
location, and the coordinate system of the manipulator is
adjusted to reflect the true pipette position. If the pipette is not
found in any plane, it returns to the original coordinates and
the software assumes that it is already centered.

In HEK cell experiments, typically performed on a mono-
layer of cells adherent to a glass cover slip, the pipette sub-
sequently descends to 15 pm above the target cell (descend
pipette, supplementary figure 2), at which point, a ‘blind’ cell
approach algorithm is engaged (supplementary figure 5(a)).
The pipette moves down in 1 pm steps until the targeted cell is
encountered, based on a three-step resistance-based threshold,
similar to the original Autopatcher algorithm [22]. In slice
experiments, the pipette instead first moves in the XY plane
above the slice such that it can approach the cell on a trajec-
tory parallel to the pipette axis. The trajectory is planned such
that the pipette arrives 15 pim above the target cell in the brain
slice. As the pipette arrives, it deforms the surrounding brain
tissue both due to mechanical insertion and due to pressurized
intracellular solution being ejected from the pipette. In pre-
vious patch-clamp automation efforts, any such deformation
would result in a failed attempt because the algorithm had no
way of determining in which direction the cell moved. Here,
the PatcherBot engages the cell tracker to observe cell bound-
aries in real time [29] (supplementary figure 5(b)). The cell
tracker is comprised of a prefiltering stage to reduce interfer-
ence due to the surrounding tissue, followed by deconvolution
via a custom dynamic filtering algorithm and a thresholding
step to accurately identify membrane boundaries. The cell
tracker outputs the detected centroid of the neuron and moves
the pipette towards the centroid (in x and y only) in 1 pum steps
until the pipette tip is found to be within 2 ym (in x and y)
of the cell centroid. Once the pipette is aligned with the cell
in X and Y, it moves down in 1 pm steps until the neuron is
detected with a resistance-based method. If the cell centroid
moves at any time, the algorithm re-aligns the pipette with the
cell centroid.

After the target cell is detected, sealing and break-in algo-
rithms are engaged (establish seal, break in, supplementary
figure 2). To establish a gigaseal, suction is applied with the
pipette pressure controller based on the slope of the resist-
ance trace over time (sampled at 2 Hz). Small resistance
slopes (<2.5 M) s~! in HEK cells, <0.25 M) s~! in slices)
indicate a slow or failing seal, thus more suction is applied in
5 mBar increments up to a maximum (—70 mBar). Large slopes
(>40 MQ s~ 1) indicate successful seal formation and suction
is reduced in 5 mBar increments. For slopes between these
extremes, suction is maintained. Once the measured resistance
reaches 1 Gf2, the algorithm waits (5s) and proceeds to the
break-in state (break in, supplementary figure 2). Break-in
is accomplished by short pulses of suction (100-1000ms,
—400 mBar). A break-in is considered successful when the
measured resistance drops to under 800 M2 and the holding
current remains low (> —200 pA at —50 mV in HEK cells,
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—70 mV in slices). The whole-cell electrophysiology state
(ephys, supplementary figure 2) consists of a voltage clamp
protocol where cell parameters (access resistance, membrane
resistance, holding current) are measured as well as a current
clamp protocol (0 pA for 1s, —300 to +300 pA step for 1s,
0 pA for 15s).

Pipette cleaning is performed as previously described [28]
(clean pipette, supplementary figure 2) except due to the long
unattended operation time, we needed a way to account for
fluid evaporation (measured to be ~23 pl h™!). To do this,
we relied on the observation that pipette transient capacitive
current increases consistently (10s of pA) when it touches
fluid. Thus, the algorithm would descend the pipette into the
clean and rinse bath at the user-provided XY coordinates until
detecting a sudden increase in the transient current.

Dual manipulator operation

We made two changes to the single-manipulator patcherBot
algorithm to enable it to be used for dual patching. First, a
‘pick cell’ state was added in which the algorithm decides
which cell to target and which manipulator to use. This is
needed because in single-manipulator trials, cells are simply
patch-clamped in the order in which they were picked by the
user, but for two manipulators, this could cause the pipettes
to collide. The ‘pick cell’ state ensures that each manipulator
is assigned to the cell closest to its home position from an
array of un-patched cells. The second addition is ‘microscope
reservation’ feature which ensures that each manipulator can
‘reserve’ the microscope stage and imaging system for the
pick cell, calibration, pipette descent, and cell approach states.
It is essential that each manipulator has complete control over
the microscope during these steps since they rely on camera
output. If a manipulator is ready for the ‘pick cell’ stage, but
the microscope is reserved by the other manipulator, it must
wait until the microscope is unreserved.

Culture and brain slice preparation

Human embryonic kidney (HEK293T) cells (American Type
Culture Collection, Manassas, VA) were cultured as previ-
ously described [28]. Briefly, cells were cultured and passaged
regularly in accordance with the manufacturer’s instructions.
For patch-clamp recording, cells were grown on glass cov-
erslips (12mm diameter, No.2, VWR), and used within one
week of splitting. Cells were not transfected.

All animal procedures were in accordance with the US
National Institutes of Health Guide for the Care and Use of
Laboratory Animals and were approved by the Institutional
Animal Care and Use Committee at the Georgia Institute of
Technology. For brain slice experiments, male mice (C57BL/6,
P31-P46, Charles River) were anesthetized with isofluorane,
and the brain was quickly removed and mounted in agar
(2% w/v). Coronal sections (300 pm thick) were then sliced on
a compresstome (VF-300, Precisionary Instruments) while the
brain was submerged in ice-cold sucrose solution containing
(in mM) 40 NaCl, 4 KCI, 1.25 NaH,PO4-H,0, 7 MgCl,,

25 NaHCOj3, 10 D-Gluocse, 0.5 CaCl,-2H,0, 150 Sucrose (pH
7.3-7.4, 300-310 mOsm). The slices were incubated at 37 °C
for 1 h in neuronal artificial cerebro-spinal fluid (ACSF) con-
sisting of (in mM) 124 NaCl, 2.5 KCl, 1.25 NaH,PO,4-H,0,
1.3 MgCl,, 26 NaHCO3, 10 D-Gluocse, 2 CaCl,-2H,0, 1
L-Ascorbate-H,O (pH 7.3-7.4, 290-300 mOsm). Prior to
recording, the slices were maintained at room temperature for
at least 15min (22 °C-25 °C). The sucrose solution and neu-
ronal ACSF were bubbled with 95% 0,/5% CO,. Recordings
were performed in mouse primary area V1, hippocampal area
CA3, and thalamus.

Patch-clamp recording

Borosilicate pipettes were pulled on the day of the experi-
ment using a horizontal puller (P-97, Sutter Instruments) to a
resistance of 4-8 MS). For HEK cells, the intracellular solu-
tion was composed of (in mM): 120 KCl, 2 MgCl,, 10 EGTA,
10 HEPES (pH: 7.2-7.3, 290-300 mOsm) and recordings
were performed at room temperature with constant superfu-
sion of ACSF: (in mM) 161 NaCl, 10 HEPES, 6 D-Glucose,
3 KCl, 1 MgCl,, 1.5 CaCl, (pH: 7.4). For neurons in brain
slices, the intracellular solution was composed of (in mM)
135 K-Gluconate, 10 HEPES, 4 KCI, 1 EGTA, 0.3 Na-GTP,
4 Mg-ATP, 10 Nap-phosphocreatine (pH: 7.2-7.3, 290-300
mOsm). Recordings were performed at room temperature
with constant superfusion of oxygenated neuronal ACSF.

Performance benchmarking

To evaluate PatcherBot performance, the user chose 10 cells
for single-manipulator HEK cell studies, between 3 and 10 for
brain slice studies, between 18 and 24 for dual-manipulator
HEK cell studies, and up to 30 for single-manipulator HEK
cell studies with Tergazyme. An attempt was considered suc-
cessful upon the successful completion of the break-in state
(see Unattended operation).

For machine vision benchmarking, a pipette or cell refo-
cusing attempt was considered successful if there was suf-
ficient similarity between one image of the pipette taken in
focus in the beginning of the experiment and after refocusing.
Image similarity was quantified using the IMAQ Find Pattern
function in NI LabVIEW, which outputs a similarity score.
The similarity score is the result of a normalized 2D cross-
correlation algorithm, scaled to a value between 0 (no simi-
larity) and 1000 (exact match). The similarity score threshold
was empirically determined based on lighting conditions and
set to between 700 and 900. In brain slices, cell area was meas-
ured manually after the experiment by outlining boundaries in
saved cell images. Image contrast was found by calculating
the range (min to max) of image histograms.

Throughput modeling

We created a computational model to extrapolate throughput
for PatcherBot systems with more than two manipulators.
Success rates and trial durations of pilot single-manipulaotr
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and two-manipulator PatcherBot experiments were used to set
default model parameters. For HEK293 cells, the whole-cell
success rate was set to 77% to be consistent with our empir-
ical observations for a single-manipulator PatcherBot. In the
simulations, unsuccessful attempts lasted 3.5min while suc-
cessful attempts lasted one minute longer to mimic running
a whole-cell recording. Other time considerations included
the 1 min microscope reservation time per manipulator and
the 1 min of cleaning after each attempt. After ten cleans, the
pipette would have to be replaced and re-calibrated which we
modeled with a 4min reloading time. Any setup time prior
to starting the first attempt was not included in the model.
We simulated 8h of PatcherBot runtime, and computed an
average hourly throughput rate. Monte Carlo simulations
were run 100000 times for each manipulator number using
MATLAB (Mathworks) on a personal computer.

Statistics

The success rate of the PatcherBot as a function of (1) number
of performed cleans, (2) lateral displacement, (3) cell area, (4)
image quality, and (5) cell depth was assessed using a logistic
regression model (MATLAB function mnrfit). An odds ratio
(OR) was calculated for each category. An odds ratio can be
interpreted as the odds of success improving given a 1-unit
increase in the category; for example, a cell area OR of 1.5
indicates that the likelihood of the formation of a successful
gigaseal or whole-cell increases by 1.5 with every 1 zm? added
to the cell area. Odds ratios are reported with 95% confidence
intervals (CI). To assess the effect of the number of performed
cleans on recording characteristics, we used a linear mixed
effects model (MATLAB function fitlme). The response
variables were R, and Tgs and the predictor variable was the
reuse number. Analyses and statistics were computed using
MATLAB (Mathworks). Data are presented as mean =+ stan-
dard deviation unless otherwise stated. Data normality was
assessed using the Anderson—Darling test. Probability values
P < 0.05 were considered to be significant.

Results

System overview

The PatcherBot (figure 1(a), supplementary figure 1, supple-
mentary video 1) was built by augmenting standard patch-
clamp electrophysiology system with a custom-made pipette
cleaning chamber and pressure control hardware [30].
Pipette cleaning was performed automatically using Alconox
(Alconox Inc) as the detergent, as previously demonstrated
[28]. For robotic control, a software package was written
to interface with three-axis manipulators, XY stage, Z focus
drive, pressure control system, amplifier, and camera.
PatcherBot software only requires user input for several
minutes to perform basic calibration steps and choose cells
(figure 1(b), supplementary figure 2). First, a manual calibra-
tion step is performed to align manipulator and stage coor-
dinate systems. Second, the user selects cells of interest

using the graphical user interface (supplementary figure 3).
Subsequently, all steps of the patch-clamp procedure are done
automatically, conferring a ~50-fold increase in unattended
operation time over manual experiments and a ~10-fold
increase over previous automation efforts (figure 1(c), sup-
plementary table 1). At the end of the unattended experiment,
the user can collect and process the data from all successfully
recorded cells (figure 1(d)).

Single-cell electrophysiology in cultured cells

We first validated PatcherBot performance in HEK cells
cultured on glass coverslips. After the user installed each
pipette, performed the initial calibration, and selected cells,
the PatcherBot was engaged with no further experimenter
intervention. It achieved an overall success rate of 77%
(n = 54 whole-cell recordings/70 attempts, 7 pipettes). This
is comparable to the 60%—70% manual success rates often
reported in similar experiments [15, 31], although differences
in preparations preclude direct comparisons. The number of
performed cleans was not a significant factor in determining
whether a particular trial will be successful, suggesting that
there was no degradation in performance over the ten attempts
per pipette (figure 2(a)). In a separate experiment, we con-
firmed that disabling pipette cleaning prevented successful
recordings (figure 2(b)).

We then demonstrated that the PatcherBot is suitable for
drug discovery and characterization experiments. Drug studies
often require long (5-30min) patch-clamp recording experi-
ments to allow for multiple drug application and washout
steps and to study drug kinetics [32, 33]; we therefore pro-
grammed the PatcherBot to perform 20 min long recordings.
It obtained whole-cell recordings for 98—182min with an
overall success rate of 43% (n = 32 whole-cell recordings/74
attempts, 7 pipettes, figure 2(c), supplementary video 2). The
success rate was slightly diminished over ~1.5h, perhaps due
to cell health deterioration outside the culture medium.

To demonstrate how the PatcherBot could be used as a
tool for high-throughput screening, we ran it for four hours
and measured the throughput. The overall success rate was
67% (n=4 four-hour experiments, n = 136 whole-cell
recordings/202 attempts, 27 pipettes, supplementary video
1). During the four-hour experiments, the only user interven-
tion was replacing the pipette and performing a recalibration
approximately once every hour. Cells were held for short
periods of time (1 min) during which a brief electrophysio-
logical survey of a cell was performed. Based on these experi-
ments, a user can expect on average 34 whole-cell recordings
in 51 attempts over a span of 4 h.

Machine vision for targeting cells in intact tissue

Brain slice recording tends to be more difficult than record-
ings in cultured cells, and thus could benefit more from full
automation. Navigating pipettes to cells of interest in the 3D,
heterogeneous environment of brain tissue is challenging
even for trained operators. Computer-initiated navigation to
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Figure 1. PatcherBot system and operation. (a) Experimental setup: PatcherBot is built on a conventional Scientifica SliceScope
electrophysiology system. Software performs unattended single-cell electrophysiology. Recording indicator lights up upon establishing a
whole-cell configuration. (b) Simplified workflow of patch-clamp experiments. In manual experiments, only the electrophysiology (ephys)
component is automated in some types of experiments. In the PatcherBot, a calibration state is added to enable unattended operation.

See detailed block diagram (supplementary figure 2). (c) Comparison of approximate unattended operation time of the PatcherBot and
conventional manual experiments as well as previous patch-clamp automation techniques. Recordings are assumed to be short (1 min) for
all three modalities. Manual and previous automation timing information was taken from [21] (supplementary table 1). (d) Representative
whole-cell recordings in brain slices obtained using the PatcherBot. Green neuron symbols represent successful whole-cell recordings; red
symbols represent failed attempts. Cells are shown in a coordinate system that depicts their centroid location in the slice. The (0, 0, 0) point
corresponds to the location where manual calibration was performed. Numbers represent order in which cells were chosen and patched (1,
2,3, ...). Cell 1 had low spike amplitude, likely due to an unhealthy cell or incomplete break-in.

target cells without feedback is error-prone due to the accu-
mulation of mechanical errors in patch-clamp actuators. The
PatcherBot corrects for these errors and cell motion in real
time using machine vision (figure 3, [29]). Actuator errors
(micromanipulator and stage) were mitigated by performing
pipette auto-focus and cell auto-focus routines (99% and 79%
success rate, respectively, with ~1 um accuracy, n = 161
attempts, supplementary figures 4(b) and (c)). Real-time cell
tracking compensated for cell displacement during the final
approach of the pipette (supplementary figure 5, supplemen-
tary video 3). The two auto-focus routines and cell tracking
were subsequently benchmarked together.

Brain tissue is deformed by pipette entry, which, if uncom-
pensated, could lead to the PatcherBot missing the target cell.
Machine vision successfully compensated for the motion in
133 cells/161 attempts (83%, supplementary figure 2) where
a successful compensation was defined as the algorithm
reaching the ‘establish seal’ state with the target cell. Overall,
neurons in brain tissue moved by a magnitude of 2.5 + 1.9
pm (n =126 trials) in the XY plane in response to pipette
descent. Large cell displacements (=4 pm) could not be fully
compensated with machine vision and led to decreased suc-
cess rate (figure 4(a)). Cells tended to displace in the direction
of pipette approach, likely due to the pressure applied by the
pipette on the tissue during the descent state. Depth, but not

cell size was correlated with the magnitude of the displace-
ment (depth versus displacement: r = 0.35, P = 0.0001; cell
size versus displacement: r = —0.11, P = 0.20; Pearson’s r),
indicating that cells deeper in the tissue tended to be moved
more by the pipette than shallower cells.

PatcherBot performance in brain slices

We subsequently evaluated the ability of the PatcherBot
to attain successful recordings in various regions of brain
slices. The PatcherBot functioned unattended (15-48min
operation time, supplementary video 4) and achieved a suc-
cess rate in cortical areas similar to the success rate in sub-
cortical areas (cortical whole-cell success rate: 104 cells/205
attempts = 51%; subcortical whole-cell success rate: 17
cells/40 attempts = 43%, P = 0.39, Fisher’s Exact Test).
Thalamic recordings exhibited expected characteristics of
neurons associated with that region such as bursting, sag cur-
rent, and after-hyperpolarization bursts [34-36] in response to
current injections (supplementary figure 6). Success rate was
not significantly affected by targeted cell size (figure 4(b)),
imaging contrast (figure 4(c)), or depth (figure 5(a)), sug-
gesting that our automation approach can be readily applied
to cells in many brain regions. As in the HEK cell preparation,
no deterioration of success rate over subsequent pipette reuses
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Figure 2. PatcherBot performance in cultured HEK cells. (a) Whole-cell success rate of pipettes over ten trials (nine reuses) in HEK cells.
Reuses did not significantly decrease likelihood of whole-cell recording (odds ratio, OR = 1.17, CI: 0.13-1.18, P = 0.12). Numbers above
columns indicate number of trials performed at each reuse number. (b) Seal resistances attained with and without cleaning. When cleaning
is enabled (left), a pipette can achieve successive gigaseals (Rgs > 1G£2) on multiple cells. When cleaning is disabled (right) by draining
Alconox from the clean bath, a gigaseal is obtained with a fresh pipette (0) but not on any other attempt (1-5). (c) Cumulative success rate
in long-hold experiments. Increased unattended operation time contributed to slight diminishment in success rate (OR = 1.02,

CI: 1.01-1.03, P = 0.0019, n = 74 attempts). Alconox was used as the cleaning agent.

was observed (figure 5(b)). On the other hand, as expected,
when all machine vision is disabled, the success rates of cell
detection and whole-cell recording decrease (figure 5(c)).

Multi-manipulator PatcherBot

Unlike a human operator, the PatcherBot can command many
manipulators, pressure channels, and electrophysiology con-
trols simultaneously; thus, it can theoretically surpass the
throughput of even the most experienced investigator. To
showcase this, we selected up to 24 cells and programmed
two manipulators to perform patch-clamp trials as quickly as
possible to maximize throughput (figure 6(a), supplementary
videos 5 and 6). The dual-manipulator PatcherBot operated
unattended for 38—49min, achieving a success rate of 62%
(n = 83 whole-cell recordings/134 attempts, 7 pipettes per
manipulator). Thus, by adding a second manipulator, the
average throughput increased from 13 attempts h™! to 25

attempts h~!. The throughput increase was less than two-fold
as would be expected from a perfectly parallelized process
because (1) manipulator speed was decreased from 3.4mms~!
to 0.4mm s~! to reduce vibration and (2) microscope optics
that are needed for machine vision had to be shared between
the manipulators (supplementary figure 7).

To determine the optimal number of manipulators that
should be used to attain maximum throughput, we created a
computational model. The model predicted that going from
one manipulator to two will result in the most drastic increase
in throughput, with progressively smaller increases as more
manipulators are added (figure 6(b)). Two factors contrib-
uted to diminishing returns on throughput when adding more
manipulators: (1) manipulators waiting for the microscope
optics will contribute to a bottleneck and (2) a limit of ten
cleans per pipette [28] means a significant amount of time
is spent manually replacing pipettes, especially for many
manipulators.
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Figure 3. Machine vision elements in brain slices. (a) Sequence of events for cell detection. After the user initially picks the cell

(top panels), the system comes back to patch-clamp it after 5-60 min with some inaccuracy (middle panel). The cell detection procedure
re-centers the cell (bottom panel). Images on the left show raw screen capture frames, images on the right are annotated for clarity. Red
circle and crosshair show the expected cell location; white outline shows actual cell boundary. Circle diameter: 10 pm. (b) Before (top) and
after (bottom) the pipette detection state. The algorithm successfully refocused on the pipette after it entered the field of view off-center. (c)
Sample cell tracking results. See supplementary video 3 (cell tracker ON) for real-time video of this trial. Cell boundaries (green outline)
are automatically tracked and the centroid (green circle) is computed. Pipette tip location on the screen is estimated from the manipulator
position (blue dot). Left: cell boundary before pipette descent. Center: cell position and pipette position after pipette descent. Right: cell
position and pipette position after trajectory adjustment. Red circle on top left of images is a different cell. (d) Cell centroid position (green)
and pipette position (blue) during the ‘approach cell’ state. The pipette moves laterally towards the tracked cell centroid. Same attempt as in
(c) and supplementary video 3.
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Figure 5. PatcherBot performance in brain slices. (a) Success rates of cell detection and whole-cell recordings as a function of cell depth
in slices. Data from cortical and sub-cortical experiments were combined. The depth of the target cell did not significantly impact cell
detection likelihood (OR = 1.00, CI: 0.98-1.03, P = 0.8, n = 126 attempts) and whole-cell recording likelihood (OR = 1.00, CI: 0.98—
1.03, P = 0.65, n = 126 attempts). (b) Whole-cell success rate in brain slices. Reuses did not significantly decrease likelihood of whole-cell
recording (OR = 1.07, CI: 0.97-1.17, P = 0.19, n = 245 attempts). (c) Success rate of cell detection and whole-cell recordings with and
without machine vision (machine vision off: n = 18 attempts; machine vision on: n = 161 attempts). Cell detection (top): P = 2.4 x 107>,
whole-cell (bottom): P = 1.7 x 107>, Fisher’s exact test. Alconox was used as the cleaning agent.

Improvements to pipette cleaning (from the bacterium Bacillus licheniformis) which removes

The PatcherBot enabled us to screen candidate detergents in an prgtems adsorb.ed to glas.s [37]. ]?emonstratmg the sup.erl—
attempt to find one that can reliably clean pipettes better than ority of a candlda&? cleaning solut19n over .Alcfonox requires
Alconox. When cleaning pipettes with Alconox, the PatcherBot hundreds of recordings to reach staus.tlcal s1gn1ﬁcance.so we
can only patch-clamp ~10 cells without recording quality used the PatcherBot for these experiments. In experiments
degrading [28], which is the main bottleneck preventing even ~Where the user was blinded to the cleaning solution being
longer unsupervised operation. We suspected that residual pro- ~ used, Tergazyme-cleaned pipettes outperformed Alconox-
teins adsorbed to the pipette tip were responsible for recording ~ cleaned pipettes after 30 cleaning cycles (31 attempted cells,
quality degradation after many cleans. Tergazyme (Alconox figure 7(a)). We found no relationship between the number of
Inc) is an inexpensive glassware detergent similar to Alconox  cleans and the patch-clamp success rate or quality parameters
with an additional protease enzyme Subtilisin Carlsberg in Tergazyme-cleaned pipettes (figure 7(b), supplementary
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figure 7). With Tergazyme as the cleaning agent, the PatcherBot
ran unattended for 109-120 min.

Discussion

We have created a system for walk-away automation of patch-
clamp recordings. Due to its ability to perform multiple trials
sequentially, it provides an approximately ten-fold increase in
unattended operation time compared to previous automation
efforts. We demonstrate the scalability of the system to mul-
tiple pipettes and show that it can work in cell cultures as well
as brain slices.

The PatcherBot can be extended beyond patch-clamp to
be broadly useful for single-cell in situ studies requiring high
throughput. For example, it could be used for single cell har-
vesting [38] or automated cell labeling using plasmids [39, 40]
and viruses [41]. These techniques are powerful due to their
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ability to target single cells in much higher specificity than
bulk transfection, but they still suffer from low throughput and
success rate. Automation could open the door to large-scale
studies of cell morphology, gene expression, and activity in
neurons [42, 43]. Since the system does not require fluores-
cently tagged cells for targeting, it could also be used to study
human brain tissue samples.

The approach presented here is a significant step towards
turning high-quality single-cell electrophysiology into an easy-
to-use device analogous to a plate reader. By largely removing
the trained human from the loop, electrophysiology setups can
be redesigned to mimic automated microscopes that function
as a ‘black box’ to the user. Further, miniaturization efforts
in actuators, amplifiers, and microscopes are paving the way
towards substantially reduced space needs and costs [44—46].

We anticipate that the PatcherBot will have impact in the
pharmaceutical and proteomic domains. For drug development,
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Figure 7. Using the PatcherBot to validate Tergazyme as an improved cleaning solution for pipettes. (a) Cumulative success rate

of Alconox and Tergazyme over 31 pipette uses in cultured HEK cells. Tergazyme overall success rate: 71.7% (n = 132 whole-cell
recordings/184 attempts, 6 pipettes), Alconox overall success rate: 39.0% (n = 29 whole-cell recordings/75 attempts, 3 pipettes), saline
overall success rate: 6.4% (n = 3 whole-cell recordings/47 attempts, 3 pipettes). *P = 2.6 x 107> (Kolmogorov—Smirnov test).

(b) Whole-cell success rate over 31 uses with Tergazyme as the cleaning agent using Tergazyme data from (a). Reuses did not significantly
decrease likelihood of whole-cell recording (OR = 1.00, CI: 0.97-1.04, p = 0.89, n = 184 attempts).

the PatcherBot could be used to screen ion channel modula-
tors to characterize specific and non-specific effects. For pro-
teomics, it could be used for electrophysiological screening
of fluorescent indicators and optogenetic actuators. In these
and other applications involving functional screening, the
PatcherBot could expedite, commoditize and standardize the
process. The low degree of human involvement makes it pos-
sible for one trained user to operate many PatcherBot systems
simultaneously, increasing throughput even further.

We anticipate that integration with existing automated
microscopy hardware and software will be sufficient to enable
the PatcherBot to function as a screening tool. For drug
screening, the software can be extended to control dispensing
syringe pumps, valves, or injection devices. To perform func-
tional screening of ion-conducting opsins [13, 47-49] or
voltage indicators [10, 38, 50-52], the PatcherBot software
can be programmed to initiate light stimulation and time-
series fluorescence imaging. Preliminary studies indicate that
pipette cleaning does not alter cell pharmacokinetics [28] but
further evaluation will be performed to quantify cross-con-
tamination in cleaned pipettes. To improve data quality and
throughput for screening, we foresee the need for additional
software refinement that will include (1) mimicking best prac-
tices from trained electrophysiologists using machine learning,

1

(2) checking recording quality in real time and applying rem-
edies if quality degrades, (3) automatically selecting cells
based on health or fluorescence, and (4) performing auto-cali-
bration. These refinements could greatly add to the usefulness
of the PatcherBot as a screening tool, enabling its use in core
facilities and high-throughput screening pipelines.
Large-scale multimodal cell profiling experiments in brain
tissue have been highly impactful but are labor-intensive and
therefore rare [53-55]. To our knowledge, the PatcherBot is
the first system to perform repeated fully automated probing
of non-fluorescently labeled cells in living brain tissue. In this
study, we only demonstrated the ability of the PatcherBot to
record electrical activity but we foresee that it could also soon
be augmented to study gene expression and morphology in
the same cell [42]. Several developments would be needed
to make this a reality. First, our algorithm does not presently
monitor recording quality; a more nuanced break-in and
quality control algorithm would be developed to ensure that
access resistance is low throughout the experiment. To study
single-cell gene expression, reused pipettes would need to be
tested extensively for genetic cross-contamination. To study
morphology, pipettes would also be filled with a dye or small
molecule that would diffuse into cells to stain them. We found
that cell health degradation over time (noticeable after ~1 h in
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our preparations) is a biological constraint that limits unat-
tended operation time, but we envision this can be mitigated
with environmental control of humidity, temperature and CO,.
We demonstrated the PatcherBot working with only one or
two manipulators but adding more could improve throughput
well beyond the capabilities of even the most skilled human
experimenters. Human operators can only patch-clamp
one cell at a time while the PatcherBot can control many
manipulators, pressure lines, and electrical command sig-
nals simultaneously, giving it the ability to record from cells
in a highly parallel fashion. Our simulations suggest that for
short, individual recordings, using four or six manipulators
may be optimal, as the increase in throughput in adding one
more manipulator in those cases is marginal. Meanwhile, for
sampling neuronal connections, adding manipulators expo-
nentially increases the number of testable pairs but demands
even more attention and skill from the user [21, 56]. Scaled-up
versions of the PatcherBot could greatly simplify and expedite
large connectivity studies [53, 57, 58]; however, more sophis-
ticated algorithms than those presented here are necessary to
patch-clamp a cell in a brain slice without disturbing another
existing recording. Beyond neuronal connections, electrical
interactions between neurons and astrocytes are not presently
well-understood; the multi-pipette PatcherBot could also be
used to comprehensively characterize those relationships.
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