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Abstract

We have developed an automated system for drug screening using a single-cell-multiple functional response technology.
The approach uses a semiautomated preparatory system, high-speed sample collection, and a unique analytical tool that
provides instantaneous results for compound dilutions using 384-well plates. The combination of automation and rapid
robotic sampling increases quality control and robustness. High-speed flow cytometry is used to collect single-cell results
together with a newly defined analytical tool for extraction of IC_ curves for multiple assays per cell. The principal
advantage is the extreme speed of sample collection, with results from a 384-well plate being completed for both collection
and data processing in less than 10 min. Using this approach, it is possible to extract detailed drug response information
in a highly controlled fashion. The data are based on single-cell results, not populations. With simultaneous assays for
different functions, it is possible to gain a more detailed understanding of each drug/compound interaction. Combined with
integrated advanced data processing directly from raw data files, the process from sampling to analytical results is highly
intuitive. Direct PubMed links allow review of drug structure and comparisons with similar compounds.
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Introduction

Flow cytometry is a technology that analyzes properties of
single cells in flow by collecting fluorescence and light-scatter
signals from multiple labels tagging cellular proteins or
from stains directly connecting to cellular structures. The
values of intensities from each detection channel are stored
in standard flow cytometry data sets known as listmode
files. Information about each analyzed cell is stored in the
listmode file as a multidimensional vector of fluorescence
intensities and accompanying light-scatter characteristics.
When flow cytometry was introduced into the laboratories
of scientists around the world in the 1970s and 1980s, essen-
tially no analytical tools were available. Data processing was
achieved by taking Polaroid photographs of the screens of
oscilloscopes. Instrument manufacturers struggled to write soft-
ware that operated the instruments; data-processing software
was considered to be a user responsibility. Early analytical tools
were written for mini-computers such as the PDP 11, and soft-
ware was not easily transferable from one site to another.
Around 1985, Coulter Corporation developed a revolutionary
approach to data analysis by developing a PC-based software

program that could be run on any IBM-compatible PC avail-
able at that time. Subsequently, a number of vendors have
taken the field to new levels with innovative and powerful
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software systems that can handle most of the assay types
available in the field.

The flow cytometry (FC) data set can be analyzed using
various software packages provided by the instrument ven-
dors (BD, Beckman Coulter, Millipore, and others), as well
as independent vendors (DeNovo, Verity, FloJo). This is
possible owing to a high level of standardization enforced
by the International Society for Advancement of Cytometry
(ISAC).

One major exception is the development of specialized
data-processing packages supporting high-throughput
flow cytometry (HTFC), a technique that raises significant
interest within the biomolecular screening community. In
contrast to standard FC, the high-throughput version of this
technique integrates with liquid handling and other lab
automation systems, allowing for complex organization of
samples and sophisticated multifactorial assay formats
using standard multiwell plates. However, the ISAC-
recognized listmode files do not store meta-information
regarding the assay formats and can represent only a single
sample (i.e., a single well) at a time.

This severe limitation was addressed in the early days of
HTFC by creation of concatenated data files that combined
all the readouts associated with an assay into a single file, in
which subsequent samples were indexed using a time-of-
measurement variable. Known as TIP (tube identifier
parameter), this system not only allowed all the resultant
data to be processed and analyzed as a single file but also
created possibilities for selection and classification of cel-
lular populations across the entire assay.l’2 This allowed for
extraction of unique statistical descriptors characterizing
unique features of the measured populations.®*

The automation of FC sample processing was helped by
introduction of barcoding devices® and robotic sample col-
lection,” which has been expanded to allow HTFC to
become a useful and easily implementable technology.’

The problem with the significant advance in sampling
capability is that the analytical tools to obtain useful results
from these huge numbers of samples have not kept pace with
the technology. The core reason is that the thought processes
of both manufacturers and many users and have remained
for the most part in the modus operandi of the early 1980s.
There are some exceptions, such as the advances in data
analysis concepts developed by Bagwell,® where innovative
methods for interpretation of very complex time-dependent
data offer an alternative to the typical software approaches
currently available. In addition, the large range of analytical
tools made available via the Bioconductor environments
(discussed in detail in Robinson et al.’) has provided new
approaches to advanced data processing and therefore new
opportunities for flow cytometry. Bagwell et al.'® introduced
biplot in 1985, but since one- and two-color data were essen-
tially the only opportunities for multiparameter data, biplot
was not adopted within the core of the field. A variety of

developments have created a series of analytical tools such as
Kolmogorov-Smirnov (KS) tests,'! basic cluster analysis,'
neural networks,13 prediction limit methods,14 logical data
display (reviewed in Herzenberg et al."”), complex classifica-
tion schemes,'® utility of support vector machines (SVMs)
in flow cytometry,'” the concept of fluorescence barcoding
for multiplexing cells,18 distance measures,19 clustering tools,20
merging mixture moments,”’ and Gaussian mixture model-
ing,”> among others.

Despite progress in developing tools for automated
data analysis suitable for HTFC, most current approaches
offer only limited interactivity. This is because most of the
innovative methods for HTFC have been implemented and
tested within the R/Bioconductor environment. The R pro-
gramming language favored by bioinformaticians and
computational biologists allows for quick prototyping,
exchange of ideas, and rapid implementation of complex
algorithms. However, it is not well suited for a demanding
environment in which processing time and robustness of
the entire process play a major role.

Regrettably, without easy-to-use tools for processing
complex HTFC-based assays, it is difficult to answer systems-
driven biological questions. The lack of user-friendly,
graphical user interface (GUI)—enabled rapid data analysis
packages is a key restriction to the success of HTFC.

Until now, flow cytometry application software design
has reflected the limited capability of flow cytometry to
accommodate large arrays of samples. This has produced a
vertically driven, narrowly defined approach to data process-
ing that has performed an excellent job for traditional flow
cytometry and proven to be adequate for current assay
designs, and consequently has become a powerful tool in
multidimensional data processing. This traditional approach
to flow cytometry analysis is to process a listmode file by
developing a protocol that often reflects the collection pro-
cess on the flow cytometer itself. It is customary for instru-
ments to transfer the original collection protocol with the
listmode file so that analysis software can identify the pro-
cess used for collection as the preferred analysis protocol. On
the basis of the results from this listmode file, one would then
apply a similar or slightly modified protocol to many other
files. The data-processing pathway currently followed for
FC-based assays is very restrictive and requires multiple
steps that are usually not automated. Frequently, it involves a
series of manually defined binary classifiers (so-called gates),
reducing the mixed biological populations to a limited num-
ber of subpopulations of specified functionality defined by
the presence or absence of biomarkers of interest. When
implemented in hundreds of samples composing a complete
assay, this process can be tedious, time-consuming, and prone
to operator mistakes. The standard approach is based on sev-
eral assumptions that have become standard in the field:
(1) Test-set sizes are not large. (2) There are some kinds of
training components in the assay (controls) that teach
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Figure I. (A) The typical process followed by traditional flow cytometry.The complexity of dealing with single tubes plus detailed gating
and analysis requires significant user input at every step, and current approaches assume that each component of the “system” will be
managed independently, followed by a very complex and frequently difficult process of recombining the results. (B) The high-throughput
flow cytometry process. All components remain completely linked, and the resulting output can provide an entire assay evaluation as

opposed to the “tube-by-tube” analysis presently practiced.

something about the assay. (3) Analytical tools are applied
sequentially. (4) Recombination of data is then required to
understand the result, as shown in Figure 1.

Quantification of Mitochondrial
Function Using HTFC

The presented report demonstrates a custom-built assay
analysis system offering a rapid GUI-driven environment
for visual programming of HTFC data analysis pipelines.
This tool is described in the context of its use with a high-
throughput comprehensive screen for functional cell prop-
erties—in particular, the measurement of reactive oxygen
species (ROS) driven by chemical stimulation of cellular
systems. This process can reflect significant drug-mediated
changes in cellular functional properties.

Fundamental to this study was the need to observe single
cells under live-cell conditions so that we could develop an
understanding of the metabolic processes altered by differ-
ent drug classes. The cells chosen for the study were HL-60
cells because of their similarity to human phagocytic cells
and the significant knowledge base already existing for

these cells. HL-60 cells were first cultured from a patient
with acute myelocytic leukemia® and have been used for
many years as a suitable model cell for a variety of studies.
These transformed cells can be differentiated into both
monocytes* and neutrophilic cells.” HL-60 cells have been
shown to have excellent properties for evaluating certain
functional characteristics of cellular systems,”® making
these cells particularly useful for drug screening. The exam-
ple assay described in this report specifically focuses on
mitochondrial functionality affected by the presence of
external perturbants, such as drugs.

Mitochondria are significant sites for ROS production,
and the mitochondrial respiratory chain is a particularly
important site of ROS production under normal physiolog-
ical conditions.”’?* Numerous reports indicate that ROS
play a significant role in apoptosis induced by a variety of
stimuli, including UV radiation® and tumor necrosis factor
(TNF) stimulation,”! among other activators. We have pre-
viously shown that mitochondrial ROS could itself induce
apoptosis via induction of mitochondrial membrane poten-
tial decrease, release of cytochrome c, and activation of
caspase 3.*? Tiziani et al.* demonstrated depletion of
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reduced glutathione (GSH) and accumulation of oxidized
glutathione (GSSH) in drug-treated HL-60 using metabolic
profiling. Superoxide measurements in HL-60 cells and nor-
mal neutrophils have been achieved using several methods,
including the conversion of hydroethidine to ethidium,**
which has proved to be an excellent flow cytometric
technique. Mitosox used in our assay is actually a slightly
modified form of HE, with the HE structure being conju-
gated to the triphenylphosphonium moiety.’” Mitosox has
been reputed to be an excellent reporter for mitochondrial
ROS, particularly superoxide. Although there are number of
reports that H O,, hydroxyl radical, and peroxynitrite also
oxidize this dye, other reports indicate a strong specificity
for superoxide.”’

It has been shown that the normal mitochondrial respi-
ratory chain activity can be interrupted, either under
pathological conditions or by the use of respiratory chain
inhibitors, and quantitatively measured.””**** A variety of
redox probes have been developed over many years to address
highly sensitive single-cell measurement. One assay uses
calcein-acetoxymethylester (calcein-AM), a nonfluorescent
cell-permeant molecule that, upon esterification, is converted
to the fluorescent compound calcein.” Calcein has subse-
quently been used in a variety of systems as an excellent rep-
resentation of intracellular ROS production. For example,
studies of drug transporter systems have demonstrated the
use of calcein as an effective monitor for P-glycoprotein
function.* Other studies have demonstrated the functionality
of calcein in combination with other functional probes such
as carboxyfluorescein diacetate (CFDA) and Rhodamine 123
(Rh123)* using flow cytometry for single-cell analysis. We
used a combination of calcein, glutathione, and Mitosox, a
probe that has been suggested to measure superoxide produc-
tion; all of these can be run simultaneously. To obtain the
fourth functional parameter, mitochondrial membrane poten-
tial, a second plate was required.

This functional measurement for the alteration in mito-
chondrial membrane potential was achieved using the
membrane potential-sensitive fluorescent dye 5,5',6,6'-
tetrachloro-1,1',3,3'-tetra-ethylbenzimidazolylcarbocyanine
iodide (JC-1), which has been used previously with HL-60
cells.***** Because of the overlapping spectral response
of JC-1 and the redox probes, all assays for JC-1 must be
run separately on a second multiwell plate. This setup
adds to the assay complexity; however, with the help of a
high-throughput flow cytometry system, it was possible to
process as many as 20 sets of 384-well plates per day,
including the need for a 6-h incubation.

Materials, Methods, and Assay Definition

Cell line and culture conditions. The human leukemic
HL-60 cell line was obtained from the American Type Cul-
ture Collection (Manassas, VA) and was cultivated as per

ATCC instructions. After successful revival of cryogenic
stock, the HL-60 cell line was then transitioned into RPMI-
1640 medium and supplemented with 10% fetal calf serum
and 100 U/mL penicillin and 100 pg/mL streptomycin
(Gibco/Invitrogen, Carlsbad, CA), hereafter called cultiva-
tion medium. After successful medium transition, cells
were stored in cultivation medium + 5.0% cell-grade DMSO
(Sigma-Aldrich, St. Louis, MO), frozen in a controlled-rate
freezing apparatus to —80 °C and then stored in vapor-phase
liquid nitrogen. From liquid-nitrogen stocks, the HL-60
cells were thawed and routinely cultured in RPMI-1640
medium, supplemented with 10% fetal calf serum. The cul-
ture was grown at 37 °C with a gas mixture of 5% CO_/95%
air. After an initial round of growth in flask culture, to 1.0 x
10° cells per milliliter, the HL-60 cells were transferred into
T-850 roller bottles. HL-60 cultures were inoculated into
fresh medium at 1.0 x 10° cells per milliliter and allowed to
grow to 1.0 x 10° cells per milliliter, 1 rpm, 37 °C and 5%
CO,/95% air mixture. Cells were collected by centrifuga-
tion at 400 g for 6 min, placed robotically into assay plates
with RPMI-1640 medium supplemented with 10% fetal calf
serum, and exposed to chemicals of interest. Prior to routine
screening from freezer stocks, a check of compounds was
performed as a quality control baseline to ensure biological
reproducibility.

Assay preparation. All assays were performed in 384-well
plates using a Biomek 3000 robot (Beckman Coulter, Brea,
CA) placed inside a class II hood that had been sanitized for
15 min before use. Approximately 200000 HL-60 cells
were placed in each well by robotically depositing 20 pL of
a1 x 107 concentration of stock cells. Chemicals for testing
were prepared in 96-well plates by taking 3-fold serial dilu-
tions in Dulbecco’s modified Eagle’s medium (DMEM). In
this particular assay, chemicals consisted of libraries of
molecules of interest for altering redox states as well as
control chemicals. Chemicals (20 pL total volume in
DMEM) were added to plates prior to addition of cells.
Cells were added to plates in which chemicals were already
present and incubated for 6 h at 37 °C and 5% COz' Plates
were centrifuged at 250 g for 5 min in a Beckman centrifuge
and placed on the robot for removal of the supernatant.
Then, 30 pL was removed from the 40 pL in each well. All
media were prewarmed to 37 °C for 10 min, and the robots
were also sanitized for 15 min. For the JC-1 assay, 40 pL of
a 5-uM solution was added robotically to each well of 384-
well plates. Then, 5 pm valiniomycin was added to the last
four wells as a positive control. DMSO-only control wells
were also present. For redox assays, stock concentrations
were prepared: calcein AM (1 mM in DMSO), mBBr
(40 mM in DMSO), and Mitosox (50 pg from sealed-vial
stock). Calcein (0.03 pg/mL), mBBr (40 um), and Mitosox
(10 uM) were added robotically to each well of a 384-well
plate that was then covered with tape. Plates were centri-
fuged at 250 g for 30 s to remove bubbles and mixed
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at 2200 rpm for 10 s. Plates were incubated at 37 °C for
10 min prior to flow cytometry. Cell samples were provided
for flow cytometry calibration and plates sent to the CyAn
flow cytometer.

Flow cytometry. All samples were run on a CyAn flow
cytometry (Beckman Coulter), which was previously cali-
brated using both Level II and Level III calibration beads
(Beckman Coulter). The flow cytometer was calibrated 1 h
prior to the first plate’s finishing the 6-h incubation. Instru-
ment setup for the CyAn cytometer was the following:
Light scatter for gating was determined with the 488-nm
laser using the forward-angle light-scatter detector. Fluo-
rescence instrument setting for JC-1: excitation 488 nm,
emission 530/40 nm and 590 nm; for calcein: excitation
488 nm, emission 530/40 nm; for mBBr: excitation 405
nm, emission 450/50 nm; for Mitosox: excitation 488 nm,
emission 680/30 nm. Samples were delivered automati-
cally to the CyAn by the Hypercyt robot (Intellicyt, Inc.,
Albuquerque, NM), using a 60-s preplate prime, a 30-s
shake at 3000 rpm, a 0.5-s up time, and a 1.0-s sip time.
Pump speed was 18.0 rpm, which resulted in a 1-s sip per
well extracting 1 pL of sample, with interwell shake at
3000 rpm every 24 wells. Following completion of each
plate, the Hyperview software was activated to identify
each well, followed by extraction of FC files into 384 sin-
gle wells for transfer to the network for permanent storage.
All data analysis was performed using a technology called
PlateAnalyzer developed in our laboratory specifically for
high-throughput analysis (described below). This software
has the ability to perform comprehensive statistical analy-
sis of very large sets of data in almost real time. For exam-
ple, production of 32 dose-response curves (IC s O) per plate
(with 10 dosage levels per drug) could be achieved in
approximately 30 s after each plate was collected on the
flow cytometer. A standard 384-well plate, when sampling
approximately 5000 cells per well, required 8 min for flow
cytometry using the CyAn-Hypercyt robotic sampling
system.

Rapid Data Analysis Methodology
Visual Programming Concept

The idea of rapid development tools using a visual pro-
gramming environment is probably best known to scien-
tists and engineers through the use of LabVIEW program
and hardware from National Instruments (Austin, TX).
Other visual programming environment for data process-
ing and manipulation include IBM’s Data Explorer,*
Khoros,* Orange,*® and AVS.* Visual programming can
be summarized as the process of programming by manipu-
lating graphical objects instead of writing textual code.
PlateAnalyzer, a high-throughput (HT) flow cytometry data-
processing environment used in this study, is a visual

programming toolkit allowing a cytometry analyst to com-
bine various processing steps, control the input for the algo-
rithms, and apply processing operators graphically, interacting
with the design canvas, rather than encoding the processing
pipeline, by using an all-purpose data manipulation and sta-
tistical analysis processing language such as R.

In the PlateAnalyzer system, small icons or boxes repre-
sent programmatic entities (snippets of functional code),
and lines (or pipes) connecting these objects allow for flow
of information and indicate relationships between opera-
tors. The entire arrangement of data-processing code snip-
pets and connecting pipelines, called a “flow cytometry
logic tree,” is described later in this report.

Structure of Input Data

In the present implementation, the listmode files represent-
ing analyzed samples are read into a memory buffer and are
stored as a v X n matrix, where v is the number of collected
variables, and n is the number of cells processed in the
entire assay across all the samples. Therefore, in the case of
a 384-well plate, all 384 separate listmode files that com-
prise the plate are read from the disk and stored in the
memory. For the most part, the variables are stored with a
single precision, which means that the maximum accuracy
would be 10°°. However, an option can be activated to store
and process double-precision numbers should high accu-
racy be required.

Single precision guarantees a significant saving in
required memory: For example, if 20 variables were col-
lected with 8-bit precision and 5 million cells were ana-
lyzed, the total memory needed would be 800 Mb for
double-precision and 400 Mb for single-precision numbers.
This may be of significance because for further processing,
the data are kept in three separate arrays in memory for dif-
ferent manipulations.

The first of the arrays maintains the raw data, the second
stores data after the process of spectral unmixing47 (compen-
sation), and the third represents data after necessary trans-
formations commonly used in FC (such as logarithmic,
double exponential, etc.). Other metadata are also stored:
spectral spillover matrices that accommodate compensation
and information about “dead” wells, that is, wells that should
not be included in the analysis. In addition, all the classifica-
tion (gating) information and the relationships between
defined classifiers (gates) are available for instant access.

The gating metadata are represented as a series of chain
codes. Therefore, for the purpose of classification, every cell
has allocated a single byte that represents a series of gates
defining the class or classes to which the cell belongs. This
value is a 32- or 64-bit number, which is convenient for data
storage reasons. Each chain code can be expanded by use of
additional 32- or 64-bit numbers. The number of gates is
therefore unlimited, as the chain codes are dynamically
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Figure 2. A simple logic tree showing icons (above) with the actual data being gated below each icon and the linked relationship created

across the logic tree.At the end of the tree is a plot icon.

expanded as the user creates more gates. An additional
matrix exists within every gate region. Since gate regions
can be linked using standard Boolean operators, we created
a 3 x 3 matrix within each gate region that allows for rapid
identification of any cell logic that fits that Boolean gate set,
with the additional locations used for a modal gate, which is
an additional mechanism for including or excluding certain
data. Finally, a component of this matrix can be used to elim-
inate an entire well or multiple wells, so data from these
wells are not included in any analytical process.

Gating Using the Logic-Tree Concept

The FC logic trees, which can be interactively built using
the PlateAnalyzer design canvas, represent a series of pro-
cesses involving data reduction, feature extraction, and
visualization of large HTFC data sets. Although the concept
is new to the flow cytometry community, some cytometrists
may be familiar with a similar model employed in the
LabVIEW rapid development environment. Regrettably,
besides PlateAnalyzer, there are no other data-processing
tools for flow cytometry using this powerful concept.
Figures 2 and 3 show examples of logic trees.

The process of logic-tree construction is simple, as the
analytical procedure is encoded by dragging icons onto the
design canvas and linking them by pipelines, which repre-
sent flow of information. All the underlying analysis and
computation is kept invisible to the end user. Since all the
input data are stored in the memory buffer and the analysis
process can be easily separated into a number of parallel
tasks, the data representing an entire multiwell plate can be
analyzed simultaneously, providing the final result an order
of magnitude faster than any current FC analysis system.

This is a paradigm shift, one that is necessary to achieve
the high-speed results for high-throughput analysis. The pro-
gram allows logic trees to be applied to entire multiwell
plates regardless of the number of wells. Typically, for
10 million cells in 384 wells, a complete analysis can take
less than 1 min on a standard mid-level laptop computer. As
the number of cells increases, naturally the computation
time increases. Due to the parallel nature of the processing
tasks, the time factor can be reduced by increasing memory
and the number of processors available. Based on Moore’s
law,*® computers will continue to expand at a faster rate than
most of our capabilities in analysis, so one would expect that
very large screens in 1536 plates with 10% to 10° will be per-
fectly analyzable cells using these methods.

One of the most important considerations for a systems-
driven analytical approach is the highly reduced complexity
of the data-processing pipeline offered by the application of
logic trees. For example, as shown in Figure 4, data reduc-
tion and feature extraction from a seven-color FC data set,
resulting in approximately 100 dose-response curves defined
over multiple populations of cells treated with multiple drugs,
can also be accommodated in a single logic tree.

Special Operators for Drug Screening

Flow cytometry has not focused on developing tools that
fit these demands despite the fact that flow is the most
accurate and powerful single-cell technology available
today. Dose-response curves are frequently the end result
for drug-screening assays, as well as for many kinetic-
based analyses. FC data-analysis software does not offer
an interface that is capable of producing such results
directly. Therefore, traditionally, dose-response analysis is
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The collection time is 8 min; the analysis time is less than | min total from opening the program to saving the IC

curves. The six

panels represent typical logical operations for analysis of high-throughput data: (1) an opening process defining a population of cells;
(2) functional operators, in this case, three distinct assays with different functional tests, identified with the limits for normal results;
(3) Boolean operators that link processes; (4) drug “containers” that allow IC__ calculations based on drug concentrations; (5) a plotting
icon for linking panels; and (6) a plotting icon that links all plotting icons, allowing a single click to deliver all 96 IC_ curves and results

simultaneously.

performed in separate statistical packages using processed
data exported from FC programs.

However, PlateAnalyzer offers a toolkit for creating
a complete analysis pipeline starting with raw intensity
vectors describing individual cells and ending with dose-
response curves and IC s values. This is illustrated by the
process employed for our mitochondrial toxicity assay. The
assay provides a measure of individual cellular responses
independently for each cell in the well, for multiple func-
tional measurements. These are shown in Figure 5 for each
of the four measurements made on HL-60 cells. For exam-
ple, if a particular drug (drug 1) were to be evaluated by
computation of IC - the assumption is that drug concentra-
tions would be laid out in rows of the multiwell plate
(although column-oriented format is also possible) and that
the concentrations would be encoded in the assay metadata
(or be read from a database). A mechanism for determining
the IC % values for a drug depends on several specific

issues: the particular population of cells selected, negative
and positive control samples for comparison, specific con-
centrations of the drug, and finally the type of reporter used
to assess cell function.

There are no exclusions within the system as to what that
functional measurement might be. For example, it could be a
fluorescence intensity change (single parameter), a change in
a parameter defined as a ratio of fluorescence to light-scatter
intensity, or a change in the ratio of fluorescence intensities at
two different wavelengths. The process for producing dose-
response curves in PlateAnalyzer is shown in Figure 3,
where the complete logic tree is demonstrated.

The range of concentrations, or any other set of drug treat-
ments, can be placed into a virtual container, which is repre-
sented in the logic tree as a box with labeled drugs, each
of which can have a different color for quick identification.
Each container must be linked by a pipeline to a gating defi-
nition (set of binary classifiers) that identifies a population
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Figure 4. (A) The three components of a logic tree: the multiple colors used to separate the cells into distinct populations, the gating
conditions for each of the conjugated antibodies, and finally the results, which in this case represent dose-response curves. (B) Part of
an actual logic tree that can directly produce hundreds of curves from a single 384-well plate in just over | min. Gates are sequentially
applied along the branch of the tree, which then applies the conditions to the entire plate; specific drug concentrations are then applied

to produce the curves.
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Figure 5. The four functional assays represented in this article. First is the JC-| assay for mitochondrial function, followed by glutathione
(mBBr), calcein, and Mitosox. Each of these biochemical assays can be reported independently for each cell in the assay.
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Figure 6. Shown are the time plots for three different functional assays performed simultaneously on a 384-well plate containing | 959043
cells, and mBBr, calcein, and Mitosox dose responses to 32 drugs, each with 10-point dose responses; the IC__ curves are shown on the
right. With a single protocol operating on an entire 384-well plate, all 96 IC__ curves can be reviewed within approximately 60 s from the
start of the analysis. Although the time plots look very similar, they are actually different, as shown by the IC_ ' curves, which provide a
higher resolution.To view actual IC50 values on the curves requires scrolling; however, all plots can be exported to an Excel spreadsheet.

(or multiple populations) of cells for which we require an
IC % value (see Fig. 4B).

Upon completion of the pipeline, a plot is instantly cre-
ated showing the dose-response curves and all the computed
IC 5% values of the compounds within a virtual container.
More than one drug container can be linked to plotting icons
so that literally hundreds of plots could be shown simultane-
ously as desired. Similarly, if one links all the outputs
together, all the results can be exported in a single file. There
are no limits to the number of plotting icons or drug contain-
ers that can be created within the system. The data shown in
Figure 6 represent 96 independent IC 5 curves for 32 drugs
with 10-point curves on a single plate; these results are

obtained in less than 1 min after completion of the flow
cytometry sampling.

If the model of dose response is known or it can be reason-
ably assumed, the curves are best fitted within the Plate-
Analyzer environment using any of the standard optimization
algorithms (Marquardt,”® Simplex,” Broyden-Fletcher-Goldfarb-
Shanno [BFGS],”" and Simulated Annealing™).

However, a rapid comparison of similarities between
drugs defined by their response curves can be performed
within PlateAnalyzer without the need for curve fitting.
Measures of distance between dose-response curves such as
KS distance, Kullback-Leibler (KL) divergence, or Euclidian
distance can be computed directly by the logic tree applets.
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Typically, the cellular responses building the dose-
response curves are defined by a measure of the number of
elements in the gate of interest. However, for specific
applications, an alternative approach can be used, which
does not require a priori cell classification. Instead, the cell
populations are compared directly using either marginal
distributions and the KS measure or multivariate distribu-
tions and KL divergence. The results of these comparisons
(e.g., between a series of treated samples and a control) can
be plotted as a response curve and processed accordingly.

Automated Sample Preparation

As has been recognized in many publications discussing
high-throughput assays, one of the most important aspects
of the screening has been the automation of plate prepara-
tion.”> > Automated preparation ensures that the quality
control, speed, and sample volumes are optimized and that
these processes can be achieved within a short time, par-
ticularly for live-cell assays where long delays in process-
ing may change the functional properties of cells. This has
been our own experience as well. Our current automated
instrumentation has used Beckman Coulter Biomek sys-
tems to prepare both chemicals and cell systems for the
assays as detailed earlier in this article.

An example of data and results generated using this
technology is shown in a drug screen developed using
HL-60 cells. Cells were plated onto 384-well plates with test
compounds added at 10-point dilutions using the Biomek
FX robotic system (Beckman Coulter). Dilutions were 3-fold
serial dilutions with final concentrations ranging from 300
to 0.014 uM. Compound sets were run in duplicate with four
functional assays: JC-1 and three redox assays (calcein,
Mitosox, and mBBr) as described earlier and shown in Figure
5. Any number of unknown compounds can be inserted into the
assay design.

Discussion

We have successfully developed a visualization tool for
HT flow cytometry analysis that also serves as a powerful
analytical tool capable of producing heretofore unachiev-
able data reduction performance. The process we have
developed moves HT flow cytometry from the merely use-
ful screen to the systems biology tool. The key to this
transition is full automation of the data-analysis process,
which places results into the hands of the scientist within
minutes of the assay’s being run. This process is simple,
straightforward, and fast. It is intuitive, is direct, and
requires a minimal learning curve. It is the ability of this
technology to translate an entire 384-well screen directly
from listmode files into final results with minimal interac-
tion on the part of the user that opens the opportunity for

single-cell analysis to operate in the systems biology envi-
ronment.

Challenges in Data Analysis for HT Flow Cytometry

What is unique in this process is the creation of graphic
icons that link directly to the entire plate of data. For
example, as can be seen in Figure 4B, each ICON repre-
sents a process of refinement within the analytical process.
The power of this technology is that any ICON can be
activated (clicked) and a direct representation of those data
will be shown in every output component of the system.
Thus, one can rapidly reveal the analyzed logic created
with instant results. This includes the plate heatmap that
can show as a color table either the percentage or absolute
number of cells that would represent any selected criterion
(such as a gated population of cells). Similarly, if a dose
response is selected, the color of each drug will be shown
in the histograms displayed. Finally, if appropriate, ICSO
curves can be displayed, as well as simple intensity distri-
butions for any parameter or all parameters simultaneously
as desired. In addition to the standard heatmap, a 3D plot of
any configuration selected can be shown at any time.

One of the most powerful aspects of this technology is
the ability to view in real time the impact of changing the
gate across any parameter collected in the assay. Obviously,
if one selected the time parameter, it would reflect the
exact collection strategy used to collect wells. They would
be displayed as the cursor was moved over the time param-
eter scale. Similarly, this can be shown for fluorescence,
allowing the user to determine where cells with fluores-
cence intensities below or above a cursor reside. Indeed,
this parameter can be used as a gate to gate any cell greater
than a certain value (e.g., presence of green fluorescent
protein [GFP] or other reporter molecules where one is
screening for expression). It is possible to change any gate
constraints once selected and placed into the logic tree.

Complex Outputs

Flow cytometry has been shown to be an excellent primary
screening tool.”*® However, for more detailed secondary
screening, the content of data required is much higher than
for primary screening. Although simple up/down results in a
single parameter are easy to produce, defining a complex
relationship between a drug and a cell function is more dif-
ficult. Multiplexing this into several assays per well is even
more complicated. This is the power of the current approach
and is the very aspect that expands the opportunity for flow
cytometry to become acceptable for systems biology appli-
cations. The data shown in Figure 6 represent 96 indepen-
dent IC__curves for 32 drugs on a single plate; these results
are obtained seamlessly from raw data. This means that the
data analysis time for flow cytometry is no longer the barrier
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Figure 7. Complex gating regimes showing a traditional ICSO measurement based on expert gating of appropriate populations of cells
and measurements based on statistical methods such as Kolmogorov-Smirnov (KS), Kullback-Leibler (KL) divergence, and Euclidian (Eucl).
The key difference is that none of the above uses pregated populations, allowing the option of evaluating compounds where the user has
no a priori knowledge related to the biological model for any particular response.Thus, these methods allow comparison and grouping
of like responses.That is to say, these are totally ungated methods of obtaining dose-response curves of the 16 drugs in this component
of the assay. Four different assays are identified: JC-1, calcein, mBBr, and Mitosox, all on HL-60 cells.

for high-throughput analysis. Furthermore, there are two
types of outputs: the general response shown in the tempo-
ral traces where each drug has a specific color and the
particular reaction being tested, shown as a gray trace. The
very detailed response shown at the right of each temporal
trace represents the specific IC 5 curve for each drug. The
data for each point and the specific algorithm for the IC s
calculation can be selected as desired from one of four
algorithms. Regardless, the ease of providing data directly
from listmode for complex assays is highly simplified

using the process we have defined. Indeed, multiple statis-
tical operators can be selected to reduce data sets in innova-
tive ways as described above without the need for additional
software. In the present implementation, IC_ results (from
four possible models), as well as KS, KL divergence, and
Euclidian (Eucl) distance measures can be derived from a
data set in one logic process, as shown in Figure 7. Any
additional algorithm can be programmed into an ICON that
can be selected from the software. Multiple algorithms can
be applied to the same data set simultaneously.
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General Limitations and Assumptions

Several assumptions allow this system to operate at such
high speeds and with such efficiency. First is the requirement
that for screening assays, all wells have the same number,
order, and naming of variables collected. This allows the data
matrix to be reduced to the size of the first well of data and
allows all subsequent wells to have assumed variables. As a
result, data reading and memory utilization are considerably
accelerated. Second, although the system can accommodate
any number of variables, it is more efficient if unused param-
eters are not saved within the original data. Thus, if only 8
variables are to be analyzed, it is inefficient to collect 20
variables; even though the extra variables do not slow down
or affect the flow cytometry collection itself, they do affect
the matrix size for analysis. Third, although the layout of any
particular assay is not of particular consequence, it is more
efficient to reproduce a specific layout so that analytical
protocols can be easily reused. Fourth, there is a natural limit
to the number of cells that can be analyzed simultaneously,
based on the memory size of the computer. Although the
software can take advantage of disk writes for excessive data
size, this is not efficient in terms of speed. As a rule of thumb,
for a 20-parameter listmode file with 5 million cells total, a
memory size of 400 megabytes would be required. As the
technology operates under a 64-bit environment, memory
limitations are strictly a function of hardware, so very large
arrays can be manipulated.

Key Points

The historical problem that has plagued flow cytometry
since its inception is the complexity and extreme time
component required to analyze data sets. If there is any
justifiable criticism of flow cytometry, it is the difficulty of
performing data processing in an efficient, reproducible
manner. It is not unusual to spend 40 min or more analyz-
ing 5 or 10 tubes of an assay. The reason is the almost
totally vertical process that all flow cytometry software
follows and that restricts the ability of users to handle very
large data sets. The process we have outlined is transfor-
mative for flow cytometry in that it brings the technology
into the systems biology technology zone where large data
sets can be manipulated rapidly, repeatedly, and accurately.
With the possibility that each 384-well plate can now be
analyzed in approximately a minute, even with 10- to
20-parameter data, the ability to reduce large data sets is no
longer a restriction in the flow cytometry domain. The com-
bination of automated preparation, which is a mature tech-
nology, with automated sample collection, followed by
semiautomated data processing, provides the possibility for
large-scale single-cell analysis of complex multifactorial
assay systems. Drug screening is one opportunity that can
benefit from this approach; however, very complex immuno-
assays of 40- to 60-parameter data are well within the capa-
bilities of the PlateAnalyzer approach we have defined.
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