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Abstract: Flow cytometry bioinformatics is the applica-
tion of bioinformatics to flow cytometry data, which
involves storing, retrieving, organizing, and analyzing flow
cytometry data using extensive computational resources
and tools. Flow cytometry bioinformatics requires exten-
sive use of and contributes to the development of
techniques from computational statistics and machine
learning. Flow cytometry and related methods allow the
quantification of multiple independent biomarkers on
large numbers of single cells. The rapid growth in the
multidimensionality and throughput of flow cytometry
data, particularly in the 2000s, has led to the creation of a
variety of computational analysis methods, data stan-
dards, and public databases for the sharing of results.
Computational methods exist to assist in the preprocess-
ing of flow cytometry data, identifying cell populations
within it, matching those cell populations across samples,
and performing diagnosis and discovery using the results
of previous steps. For preprocessing, this includes
compensating for spectral overlap, transforming data
onto scales conducive to visualization and analysis,
assessing data for quality, and normalizing data across
samples and experiments. For population identification,
tools are available to aid traditional manual identification
of populations in two-dimensional scatter plots (gating),
to use dimensionality reduction to aid gating, and to find
populations automatically in higher dimensional space in
a variety of ways. It is also possible to characterize data in
more comprehensive ways, such as the density-guided
binary space partitioning technique known as probability
binning, or by combinatorial gating. Finally, diagnosis
using flow cytometry data can be aided by supervised
learning techniques, and discovery of new cell types of
biological importance by high-throughput statistical
methods, as part of pipelines incorporating all of the
aforementioned methods. Open standards, data, and
software are also key parts of flow cytometry bioinfor-
matics. Data standards include the widely adopted Flow
Cytometry Standard (FCS) defining how data from
cytometers should be stored, but also several new
standards under development by the International
Society for Advancement of Cytometry (ISAC) to aid in
storing more detailed information about experimental
design and analytical steps. Open data is slowly growing
with the opening of the CytoBank database in 2010 and
FlowRepository in 2012, both of which allow users to
freely distribute their data, and the latter of which has
been recommended as the preferred repository for
MIFlowCyt-compliant data by ISAC. Open software is
most widely available in the form of a suite of
Bioconductor packages, but is also available for web
execution on the GenePattern platform.
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Flow Cytometry Data

Flow cytometers operate by hydrodynamically focusing suspend-
ed cells so that they separate from each other within a fluid stream.
The stream is passed by one or more lasers, and the resulting
fluorescent and scattered light is detected by photomultipliers. By
using optical filters, particular fluorophores on or within the cells
can be quantified by peaks in their emission spectra. This process is
illustrated in Figure 1. Reporter molecules may be endogenous
fluorophores such as chlorophyll or transgenic green fluorescent
protein, or they may be artificial fluorophores covalently bonded to
detection molecules such as antibodies for detecting proteins, or
hybridization probes for detecting DNA or RNA.

The ability to quantify these has led to flow cytometry being
used in a wide range of applications, including but not limited to:

Monitoring of CD4 count in HIV [1]
Diagnosis of various cancers [2,3]
Analysis of aquatic microbiomes [4]

Sperm sorting [5]

Measuring telomere length [6]

Until the early 2000s, flow cytometry could only measure a few
fluorescent markers at a time. Through the late 1990s into the mid-
2000s, however, rapid development of new fluorophores resulted in
modern instruments capable of quantifying up to 18 markers per cell
[7]. More recently, the new technology of mass cytometry replaces
fluorophores with rare earth elements detected by time of flight mass
spectrometry, achieving the ability to measure the expression of 34
or more markers [8]. At the same time, microfluidic gPCR methods
are providing a flow cytometry-like method of quantifying 48 or
more RNA molecules per cell [9]. The rapid increase in the
dimensionality of flow cytometry data coupled with the development
of high-throughput robotic platforms capable of assaying hundreds
to thousands of samples automatically have created a need for
improved computational analysis methods [7].

Citation: O'Neill K, Aghaeepour N, Spidlen J, Brinkman R (2013) Flow Cytometry
Bioinformatics. PLoS Comput Biol 9(12): e1003365. doi:10.1371/journal.pcbi.
1003365

Editor: Shoshana Wodak, University of Toronto, Canada
Published December 5, 2013

Copyright: © 2013 O'Neill et al. This is an open-access article distributed under
the terms of the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the
original author and source are credited.

Funding: This work was supported by NIH/NIBIB grant RO1 EB008400, as well as
an NSERC Discovery Grant. NA was supported by a UBC4YF scholarship, a CIHR/
MSFHR scholarship, and an ISAC Scholar Award. The funders had no role in the
preparation of the manuscript.

Competing Interests: The authors have declared that no competing interests
exist.

* E-mail: rbrinkman@bccrc.ca

9/Co-lead authors.

December 2013 | Volume 9 | Issue 12 | 1003365


http://en.wikipedia.org/w/index.php?title=bioinformatics
http://en.wikipedia.org/w/index.php?title=flow_cytometry
http://en.wikipedia.org/w/index.php?title=computational_statistics
http://en.wikipedia.org/w/index.php?title=machine_learning
http://en.wikipedia.org/w/index.php?title=machine_learning
http://en.wikipedia.org/w/index.php?title=Biomarker_(cell)
http://en.wikipedia.org/w/index.php?title=Cell_(biology)
http://en.wikipedia.org/w/index.php?title=Data_transformation_(statistics)
http://en.wikipedia.org/w/index.php?title=Normalization_(statistics)
http://en.wikipedia.org/w/index.php?title=scatter_plot
http://en.wikipedia.org/w/index.php?title=dimensionality_reduction
http://en.wikipedia.org/w/index.php?title=binary_space_partitioning
http://en.wikipedia.org/w/index.php?title=supervised_learning
http://en.wikipedia.org/w/index.php?title=supervised_learning
http://en.wikipedia.org/w/index.php?title=Open_standard
http://en.wikipedia.org/w/index.php?title=Open_data
http://en.wikipedia.org/w/index.php?title=Open-source_software
http://en.wikipedia.org/w/index.php?title=Bioconductor
http://en.wikipedia.org/w/index.php?title=GenePattern
http://en.wikipedia.org/w/index.php?title=Hydrodynamic_focusing
http://en.wikipedia.org/w/index.php?title=Fluorescence
http://en.wikipedia.org/w/index.php?title=Light_scattering
http://en.wikipedia.org/w/index.php?title=Photomultiplier
http://en.wikipedia.org/w/index.php?title=Filter_(optics)
http://en.wikipedia.org/w/index.php?title=Fluorophore
http://en.wikipedia.org/w/index.php?title=Emission_spectrum
http://en.wikipedia.org/w/index.php?title=Chlorophyll
http://en.wikipedia.org/w/index.php?title=Chlorophyll
http://en.wikipedia.org/w/index.php?title=Chlorophyll
http://en.wikipedia.org/w/index.php?title=Transgenesis
http://en.wikipedia.org/w/index.php?title=Green_fluorescent_protein
http://en.wikipedia.org/w/index.php?title=Green_fluorescent_protein
http://en.wikipedia.org/w/index.php?title=Covalent_bond
http://en.wikipedia.org/w/index.php?title=antibody
http://en.wikipedia.org/w/index.php?title=protein
http://en.wikipedia.org/w/index.php?title=Hybridization_probe
http://en.wikipedia.org/w/index.php?title=DNA
http://en.wikipedia.org/w/index.php?title=RNA
http://en.wikipedia.org/w/index.php?title=CD4
http://en.wikipedia.org/w/index.php?title=HIV
http://en.wikipedia.org/w/index.php?title=cancer
http://en.wikipedia.org/w/index.php?title=microbiome
http://en.wikipedia.org/w/index.php?title=sperm_sorting
http://en.wikipedia.org/w/index.php?title=telomere
http://en.wikipedia.org/w/index.php?title=Rare_earth_element
http://en.wikipedia.org/w/index.php?title=Time-of-flight_mass_spectrometry
http://en.wikipedia.org/w/index.php?title=Time-of-flight_mass_spectrometry
http://en.wikipedia.org/w/index.php?title=Microfluidics
http://en.wikipedia.org/w/index.php?title=Real-time_polymerase_chain_reaction

Cell sample

Dichroic
mirror

Cell

Flow sheath

Obscuration bar

SSC

\

FL-2

FL-1 ADC

FL-3

Filter

FSC

;

Analysis workstation

Figure 1. Schematic diagram of a flow cytometer, showing focusing of the fluid sheath, laser, optics (in simplified form, omitting
focusing), photomultiplier tubes (PMTs), analogue-to-digital converter, and analysis workstation.

doi:10.1371/journal.pcbi.1003365.g001

Steps in Computational Flow Cytometry Data
Analysis

The process of moving from primary FCM data to disease
diagnosis and biomarker discovery (illustrated in Figure 2) involves
four major steps:

1. Data preprocessing (including compensation, transformation,
and normalization)

2. Cell population identification (a.k.a. gating)
3. Cell population matching for cross-sample comparison

4. Relating cell populations to external variables (diagnosis and
discovery)

Saving of the steps taken in a particular flow cytometry
workflow is supported by some flow cytometry software, and is
important for the reproducibility of flow cytometry experiments.
However, saved workspace files are rarely interchangeable
between software [10]. An attempt to solve this problem is the
development of the Gating-ML XML-based data standard
(discussed in more detail in the data formats and interchange
section), which is slowly being adopted in both commercial and
open-source flow cytometry software [11].

Data Preprocessing

Compensation

When more than one fluorochrome is used with the same laser,
their emission spectra frequently overlap. Each particular
fluorochrome is typically measured using a bandpass optical filter
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set to a narrow band at or near the fluorochrome’s emission
mtensity peak. The result is that the reading for any given
fluorochrome is actually the sum of that fluorochrome’s peak
emission intensity, and the intensity of all other fluorochromes’
spectra where they overlap with that frequency band. This overlap
is termed spillover, and the process of removing spillover from flow
cytometry data is called compensation [12].

Compensation is typically accomplished by running a series of
representative samples each stained for only one fluorochrome, to
give measurements of the contribution of each fluorochrome to
each channel [12]. The total signal to remove from each channel
can be computed by solving a system of linear equations based on
this data to produce a spillover matrix, which when inverted and
multiplied with the raw data from the cytometer produces the
compensated data [12,13]. The processes of computing the
spillover matrix, or applying a precomputed spillover matrix to
compensate flow cytometry data, are standard features of flow
cytometry software [14].

Transformation

Cell populations detected by flow cytometry are often described
as having approximately log-normal expression [15]. As such, they
have traditionally been transformed to a logarithmic scale. In early
cytometers, this was often accomplished even before data
acquisition by use of a log amplifier. On modern instruments,
data is usually stored in linear form, and transformed digitally
prior to analysis.

However, compensated flow cytometry data frequently contains
negative values due to compensation, and cell populations do
occur that have low means and normal distributions [16].
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Figure 2. An example pipeline for analysis of FCM data and some of the Bioconductor packages relevant to each step.

doi:10.1371/journal.pcbi.1003365.9002

Logarithmic transformations cannot properly handle negative
values, and poorly display normally distributed cell types [16,17].
Alternative transformations that address this issue include the log-
linear hybrid transformations Logicle [16,18] and Hyperlog [19],
as well as the hyperbolic arcsine and the Box-Cox [20].

A comparison of commonly used transformations concluded
that the biexponential and Box-Cox transformations, when
optimally parameterized, provided the clearest visualization and
least variance of cell populations across samples [17]. However, a
later comparison of the flowTrans package used in that
comparison indicated that it did not parameterize the Logicle
transformation in a manner consistent with other implementa-
tions, potentially calling those results into question [21].

Quality Control

Particularly in newer, high-throughput experiments, there is a
need for visualization methods to help detect technical errors in
individual samples. One approach is to visualize summary
statistics, such as the empirical distribution functions of single
dimensions of technical or biological replicates to ensure they are
the similar [22]. For more rigor, the Kolmogorov-Smirnov test
can be used to determine if individual samples deviate from the
norm [22]. The Grubbs’ test for outliers may be used to detect
samples deviating from the group.

A method for quality control in higher-dimensional space is to
use probability binning with bins fit to the whole dataset pooled
together [23]. Then the standard deviation of the number of cells
falling in the bins within each sample can be taken as a measure of
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multidimensional similarity, with samples that are closer to the
norm having a smaller standard deviation [23]. With this method,
higher standard deviation can indicate outliers, although this is a
relative measure as the absolute value depends partly on the
number of bins.

With all of these methods, the cross-sample variation is being
measured. However, this is the combination of technical variations
introduced by the instruments and handling, and actual biological
information that is desired to be measured. Disambiguating the
technical and the biological contributions to between-sample
variation can be a difficult to impossible task [24].

Normalization

Particularly in multicenter studies, technical variation can make
biologically equivalent populations of cells difficult to match across
samples. Normalization methods to remove technical variance,
frequently derived from image registration techniques, are thus a
critical step in many flow cytometry analyses. Single-marker
normalization can be performed using landmark registration, in
which peaks in a kernel density estimate of each sample are
identified and aligned across samples [24].

Identifying Cell Populations

A critical step in analysis of flow cytometric data is the
identification of multidimensional regions that contain functionally
and phenotypically homogeneous groups of cells for further
analysis [27].

December 2013 | Volume 9 | Issue 12 | 1003365


http://en.wikipedia.org/w/index.php?title=Inverse_hyperbolic_function
http://en.wikipedia.org/w/index.php?title=Power_transform
http://en.wikipedia.org/w/index.php?title=Information_visualization
http://en.wikipedia.org/w/index.php?title=Empirical_distribution_function
http://en.wikipedia.org/w/index.php?title=Kolmogorov-Smirnov_test
http://en.wikipedia.org/w/index.php?title=Grubbs'_test_for_outliers
http://en.wikipedia.org/w/index.php?title=standard_deviation
http://en.wikipedia.org/w/index.php?title=Normalization_(statistics)
http://en.wikipedia.org/w/index.php?title=image_registration
http://en.wikipedia.org/w/index.php?title=kernel_density_estimate

Gating

The data generated by flow cytometers can be plotted in one or
two dimensions to produce a histogram or scatter plot. The
regions on these plots can be sequentially separated, based on
fluorescence intensity, by creating a series of subset extractions,
termed “gates.” These gates can be produced using software, e.g.,
FlowJo [28], FCS Express [29], WinMDI [30], CytoPaint (aka
Paint-A-Gate) [31], VenturiOne, CellQuest Pro, Cytospec [32], or
Kaluza [33].

In datasets with a low number of dimensions and limited cross-
sample technical and biological variability (e.g., clinical laboratories),
manual analysis of specific cell populations can produce effective and
reproducible results. However, exploratory analysis of a large number
of cell populations in a high-dimensional dataset is not feasible [34].
In addition, manual analysis in less controlled settings (e.g., cross-
laboratory studies) can increase the overall error rate of the study
[35]. In one study, several computational gating algorithms
performed better than manual analysis in the presence of some
variation [26] (illustrated in Figure 3). However, despite the
considerable advances in computational analysis, manual gating
remains the main solution for the identification of specific rare cell
populations that are not well-separated from other cell types.

Gating guided by dimension reduction. As the number of
markers measured by flow cytometry increases, the number of
scatter plots that need to be investigated increases exponentially
(some markers need to be investigated several times for each group
of cells to resolve high-dimensional differences between cell types
that appear to be similar in most markers) [36]. To address this
issue, principal component analysis has been used to summarize
the high-dimensional datasets using a combination of markers that
maximizes the variance of all data points [37]. However, PCA is a
linear method and is not able to preserve complex and non-linear
relationships. More recently, two-dimensional minimum spanning
tree layouts have been used to guide the manual gating process
(llustrated i Figure 4). Density-based down-sampling and
clustering was used to better represent rare populations and
control the time and memory complexity of the minimum
spanning tree construction process [38]. More sophisticated
dimension reduction algorithms are yet to be investigated [39].

Automated gating. Developing computational tools for identi-
fication of cell populations has been an area of active research only
since 2008. Many individual clustering approaches have recently
been developed, including model-based algorithms (e.g., flowClust
[41] and FLAME [42]), density-based algorithms (e.g., FLOCK [43]
and SWIFT), graph-based approaches (e.g., SamSPECTRAL [44]),
and, most recently, hybrids of several approaches (flowMeans [45]
and flowPeaks [46]). These algorithms are different in terms of
memory and time complexity, their software requirements, their
ability to automatically determine the required number of cell
populations, and their sensitivity and specificity. The FlowCAP
(Flow Cytometry: Critical Assessment of Population Identification
Methods) project, with active participation from most academic
groups with research efforts in the area, is providing a way to
objectively cross-compare state-of-the-art automated analysis ap-

proaches [26].

Probability Binning Methods

Probability binning is a non-gating analysis method in which
flow cytometry data is split into quantiles on a univariate basis
(shown in Figure 5) [47]. The locations of the quantiles can then
be used to test for differences between samples using the chi-
squared test [47].

This was later extended into multiple dimensions in the form of
frequency difference gating, a binary space partitioning technique
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in which data is iteratively partitioned along the median [48].
These partitions (or bins) are fit to a control sample. Then the
proportion of cells falling within each bin in test samples can be
compared to the control sample by the chi-squared test.

Finally, cytometric fingerprinting uses a variant of frequency
difference gating to set bins and measure for a series of samples
how many cells fall within each bin [23]. These bins can be used as
gates and used for subsequent analysis similarly to automated
gating methods.

Combinatorial Gating

High-dimensional clustering algorithms are often unable to
identify rare cell types that are not well separated from other major
populations. Matching these small cell populations across multiple
samples is even more challenging. In manual analysis, prior
biological knowledge (e.g., biological controls) provides guidance
to reasonably identify these populations. However, integrating this
information into the exploratory clustering process (e.g., as in
semi-supervised learning) has not been successful.

An alternative to high-dimensional clustering is to identify cell
populations using one marker at a time and then combine them to
produce higher-dimensional clusters. This functionality was first
implemented in FlowJo [28]. The flowType algorithm builds on
this framework by allowing the exclusion of the markers [49]. This
enables the development of statistical tools (e.g., RchyOptimyx)
that can investigate the importance of each marker and exclude
high-dimensional redundancies [50].

Diagnosis and Discovery

After identification of the cell population of interest, a cross-
sample analysis can be performed to identify phenotypical or
functional variations that are correlated with an external variable
(e.g., a clinical outcome). These studies can be partitioned into two
main groups:

Diagnosis

In these studies, the goal usually is to diagnose a disease (or a
sub-class of a disease) using variations in one or more cell
populations. For example, one can use multidimensional clustering
to identify a set of clusters, match them across all samples, and
then use supervised learning to construct a classifier for prediction
of the classes of interest (e.g., this approach can be used to improve
the accuracy of the classification of specific lymphoma subtypes
[51]). Alternatively, all the cells from the entire cohort can be
pooled into a single multidimensional space for clustering before
classification [52]. This approach is particularly suitable for
datasets with a high amount of biological variation (in which
cross-sample matching is challenging) but requires technical
variations to be carefully controlled [53].

Discovery

In a discovery setting, the goal is to identify and describe cell
populations correlated with an external variable (as opposed to the
diagnosis setting in which the goal is to combine the predictive
power of multiple cell types to maximize the accuracy of the
results). Similar to the diagnosis use case, cluster matching in high-
dimensional space can be used for exploratory analysis, but
the descriptive power of this approach is very limited, as it is
hard to characterize and visualize a cell population in a high-
dimensional space without first reducing the dimensionality
[52,54]. Finally, combinatorial gating approaches have been
particularly successful in exploratory analysis of FCM data.
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Simplified Presentation of Incredibly Complex Evaluations
(SPICE) is a software package that can use the gating functionality
of FlowJo to statistically evaluate a wide range of different cell
populations and visualize those that are correlated with the
external outcome. flowType and RchyOptimyx (as previously
discussed) expand this technique by adding the ability of exploring
the impact of independent markers on the overall correlation with
the external outcome. This enables the removal of unnecessary
markers and provides a simple visualization of all identified cell
types. In a recent analysis of a large (n=466) cohort of HIV+
patients, this pipeline identified three correlates of protection
against HIV, only one of which had been previously identified
through extensive manual analysis of the same dataset (as
illustrated in Figure 6) [49].
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Data Formats and Interchange

Flow Cytometry Standard

Flow cytometry data is typically saved for analysis in the form of
an array, with fluorescence and scatter channels represented in
columns and individual “events” (most of which are cells) forming
the rows, as shown in Figure 7. The number of events acquired
from each sample usually ranges between the low thousands and
the low millions.

The first version of a Flow Cytometry Standard (FCS) was
developed in 1984 [55]. Since then, FCS has become the standard
file format supported by all flow cytometry software and hardware
vendors. FCS is a binary file format with three main segments: a
text segment containing metadata in keyword/value pairs
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structures, a data segment usually containing a matrix of detected
expression values (so-called list mode format), and a rarely used
analysis segment. The FCS specification has traditionally been
developed and maintained by the International Society for
Advancement of Cytometry (ISAC) [56].

Over the years, updates have been incorporated to adapt to
technological advancements in both flow cytometry and comput-
ing technologies.

10
!

arcsinh(FL2-H) CD45

arcsinh(FL1-H) CD15

Figure 5. An example of probability binning, created using the
flowFP Bioconductor package. The dots represent individual events
in an FCS file. The rectangles represent the bins.
doi:10.1371/journal.pcbi.1003365.9005
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In 1990, FCS 2.0 was introduced [57]. Features introduced in
FCS 2.0 included the option of multiple datasets within a data file,
the use of different byte orders accommodating hardware
variations on different computing platforms, and basic compen-
sation and scaling information. FCS 2.0 was followed by FCS 3.0
in 1997, which introduced the possibility of storing datasets larger
than 100 MB [58].

The latest version, FCS 3.1, was introduced in 2010 [59]. It
retains the basic FCS file structure and most features of previous
versions of the standard. Changes included in FCS 3.1 address
potential ambiguities in the previous versions and provide a more
robust standard. They include simplified support for international
characters and improved support for storing compensation. The
major additions are support for preferred display scale, a
standardized way of capturing the sample volume, information
about the origins of the data file, and support for plate and well
identification in high-throughput, plate-based experiments.

FCS used to be the only widely adopted file format in flow
cytometry. Recently, additional standard file formats have been
developed by ISAC.

netCDF

ISAC is considering replacing FCS with a flow cytometry—
specific version of the Network Common Data Form (netCDF) file
format [60]. netCDF is a set of freely available software libraries
and machine-independent data formats that support the creation,
access, and sharing of array-oriented scientific data. In 2008,
ISAC drafted the first version of netCDF conventions for storage
of raw flow cytometry data [61].

Archival Cytometry Standard (ACS)

The Archival Cytometry Standard (ACS) is being developed to
bundle data with different components describing cytometry
experiments [62]. It captures relations among data, metadata,
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thousands of cell populations are identified by combining one-dimensional partitions (panel 1). The cell populations are then analyzed using a
statistical test (and Bonferroni's method for multiple testing correction) to identify those correlated with the survival information. Panel 3 shows a
complete gating hierarchy describing all possible strategies for gating that cell population. This graph can be mined to identify the “best” gating
strategy (i.e., the one in which the most important markers appear earlier). These hierarchies for all selected phenotypes are demonstrated in panel 4.
In panel 5, these hierarchies are merged into a single graph that summarizes the entire dataset and demonstrates the trade-off between the number
of markers involved in each phenotype and the significance of the correlation with the clinical outcome (e.g., as measured by the Kaplan-Meier
estimator in panel 6). Figure reproduced in part from [49] (public domain) and [50].

doi:10.1371/journal.pcbi.1003365.9006

Markers

FSC-A FSC-H SSC-A B515-A R780-A R710-A R660-A V800-A V655-A V585-A V450-A G780-A G710-A G660-A G610-A G560-A
[1,] 27700.75 27291.75 177.52585 1984.485 625.0796 1232.1008 748.5101 1553.0295 1350.2565 3175.717 2338.1038 2286.1709 1758.4244 2550.914 1862.9843 1972.4854
[2,] 41264.25 39764.25 320.12296 3639.620 539.7032 1433.3112 1470.2659 2217.6750 2305.3516 5683.995 4767.4976 2617.9441 2063.0974 3401.507 2471.2236 2268.8318
[3,] 65054.75 57606.25 203.01607 2191.861 198.6541 726.9798 766.2198 802.2521 809.9579 1763.534 2870.2039 721.3581 750.2025 1156.660 879.6395 802.7821
[4,) 30584.00 31664.50 130.68690 1873.409 1304.0895 2528.7083 784.6980 1702.3671 1185.8608 2063.256 1839.7687 3945.7107 2480.2170 2585.438 1850.5399 2768.8843
[5,] 39505.75 39626.00 203.25166 2540.620 323.2625 857.1525 715.0004 1117.4775 1746.5798 3810.514 3442.1965 1766.7188 1595.8044 2746.546 2118.4902 1560.5364
[6,] 33171.50 34794.00 333.64246 2192.864 1408.8563 2573.5095 1604.2236 2128.1748 1727.5891 3734.910 2551.4509 5498.1421 2989.3887 3295.179 2938.3291 4663.7070
[7,] 63711.00 54475.50 1122.48340 3879.044 1730.8085 3573.5652 1691.8744 5106.0596 3578.0332 9183.305 7264.9624 7268.8550 4263.6313 4767.073 4025.7312 5758.2100
[(8,] 40000.75 40213.50 236.54262 2545.858 1081.6753 2313.5962 1411.0983 2989.7524 1920.4047 4386.833 3081.6401 3615.0461 2552.7622 3304.552 2666.3101 3532.8064
[9,] 49286.00 49182.50 78.61845 1601.092 123.2834 493.6364 242.0255 633.3533 759.2227 1920.717 2082.5884 996.4465 805.6166 1197.744 957.8304 937.6376
[10,] 32209.75 33368.25 203.29897 2387.361 1056.0723 1769.4005 939.7758 1693.8635 1579.7000 3308.004 2106.1416 2835.7053 2057.3567 2653.473 1879.0623 2306.1431
[11,) 35937.25 36212.50 220.66580 2901.591 1218.1395 3202.3853 1059.7604 2443.0205 2253.0146 4684.219 2864.9727 5582.5425 3703.6475 4023.313 3111.4429 4476.1655
[12,] 32905.50 33897.50 233.98033 2726.240 1952.0721 3405.7139 2726.1091 2988.6882 2011.0159 4644.849 2661.8582 7080.1904 3540.6592 3915.066 3389.4014 6423.2324
[13,] 36028.50 35845.50 219.18674 3221.668 2542.3389 3895.0371 2283.0444 3331.8298 2479.6580 5253.382 2692.4919 9087.0859 4306.8105 4652.118 4095.7131 7948.1416
[14,) 38616.00 38775.00 218.46669 3218.305 582.6801 1022.7971 1255.5858 2150.4185 1993.2681 4657.159 1881.8761 2058.4124 1753.6392 2576.016 1914.5718 2386.2805
[15,) 45282.25 42223.25 1173.74487 6941.545 705.4651 1649.9570 1615.0811 4287.2036 3778.2302 11158.718 8247.2236 3138.5728 2382.1287 3487.720 2436.5886 3280.1677
[16,] 36246.25 36207.75 189.15569 3049.417 1736.7826 2823.7266 1031.0308 2824.6582 2053.6843 4689.628 2930.9685 6049.8901 3479.7673 3642.755 2885.2795 4767.1309
[17,) 29282.75 29884.00 209.64102 1836.197 612.2673 1149.7164 870.3303 1720.2170 1525.6914 2782.762 2335.3994 2180.0403 1825.0010 2702.035 1921.6849 1730.4067
[18,] 57757.25 54448.25 1999.17517 12972.877 4364.5908 11298.7070 6745.5039 20934.3457 17057.1934 30293.186 7082.0664 14765.4785 13275.3828 18369.047 14707.2549 9409.2637
[19,) 33301.00 33093.50 208.47151 2146.622 429.5022 855.5981 845.9418 1207.8969 1297.2683 2751.205 1081.5209 1716.1721 1479.2837 2110.357 1566.1290 1371.2155
[20,] 34478.25 35390.75 211.26921 3060.585 2016.3651 3442.5408 1348.4852 2673.9729 2259.8494 3781.046 1290.9741 7142.1543 3906.1033 4101.971 3586.8269 5697.7954
[21,) 29406.25 28219.50 231.55798 3008.380 997.8875 2319.5779 1514.2091 1757.2463 1675.9983 3019.569 1565.1250 4008.3364 2470.9639 2938.669 2289.2273 3631.8906
[22,] 49978.50 48517.75 537.04224 3122.343 981.1232 2252.1189 1861.3472 2518.4731 2230.5327 5010.112 3615.4170 4111.9141 2611.4641 3379.042 2634.6746 3722.1040
[23,] 39872.50 37620.75 198.75706 2719.222 1657.0939 2945.5713 1025.1293 2203.0527 1670.1367 3072.683 1879.3065 6735.8999 3531.4177 3581.812 2901.9954 4790.6758
[24,) 33395.00 35331.75 220.46056 2664.632 690.1926 1483.0898 1736.9537 1397.0316 1982.9124 3473.224 1987.4087 2142.7542 1793.1940 2844.251 2057.5803 2655.7776
[25,) 46976.00 47355.25 231.33037 2530.461 537.1376 1194.0681 1072.7083 1531.7494 1766.5841 3532.332 3953.0066 3967.8032 1918.4053 3249.490 2566.3657 3888.4016
[26,] 56663.75 51458.25 223.06416 3217.866 398.6222 1279.4880 1207.4561 1268.9905 1553.6884 3397.891 2623.9312 1686.8226 1583.9100 2461.450 1874.0762 2013.9438
[27,) 50818.75 48556.25 305.77182 3714.351 577.0732 1364.4095 1064.0983 1633.2513 2077.0466 3332.829 2654.2678 2074.0388 1966.8965 2876.737 1987.8170 2010.1973
[28,] 36225.25 36196.75 180.30524 2636.466 946.7570 2138.4143 1695.0502 1807.8429 2057.7292 3673.466 2611.5857 3530.6289 2630.3755 3608.507 2727.3037 2884.0103
[29,) 28509.25 30715.50 230.27397 1072.201 1867.2009 1643.1423 882.4811 1201.5806 688.1475 1810.280 616.8154 3604.4263 1530.6011 1353.209 1167.5325 2577.3455
[30,] 37198.75 36200.50 237.67776 3046.719 1376.3452 2580.9287 1326.2197 2599.6101 2196.7258 5525.008 3665.0623 4946.4224 3421.0840 3996.508 3045.4102 4413.0908

Cells

Figure 7. Representation of flow cytometry data from an instrument with three scatter channels and 13 fluorescent channels. Only
the values for the first 30 (of hundreds of thousands) of cells are shown.
doi:10.1371/journal.pcbi.1003365.g007
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analysis files, and other components, and includes support for
audit trails, versioning, and digital signatures. The ACS container
is based on the ZIP file format with an XML-based table of
contents specifying relations among files in the container. The
XML Signature W3C Recommendation has been adopted to
allow for digital signatures of components within the ACS
container. An initial draft of ACS was designed in 2007 and
finalized in 2010. Since then, ACS support has been introduced in
several software tools including FlowJo and Cytobank.

Gating-ML

The lack of gating interoperability has traditionally been a
bottleneck preventing reproducibility of flow cytometry data
analysis and the usage of multiple analytical tools. To address
this shortcoming, ISAC developed Gating-ML, an XML-based
mechanism to formally describe gates and related data (scale)
transformations [10]. The draft recommendation version of
Gating-ML was approved by ISAC in 2008, and it is partially
supported by tools like FlowJo, the flowUtls library in R/
Bioconductor, and FlowRepository [62]. It supports rectangular
gates, polygon gates, convex polytopes, ellipsoids, decision trees,
and Boolean collections of any of the other types of gates. In
addition, it includes dozens of built-in public transformations that
have been shown to be potentially useful for display or analysis of
cytometry data. In 2013, Gating-ML version 2.0 was approved by
ISAC’s Data Standards Task Force as a Recommendation. This
new version offers slightly less flexibility in terms of the power of
gating description; however, it is also significantly easier to
implement in software tools [11].

Classification Results (CLR)

The Classification Results (CLR) File Format [63] has been
developed to exchange the results of manual gating and
algorithmic classification approaches in a standard way in order
to be able to report and process the classification. CLR is based on
the commonly supported CSV file format with columns
corresponding to different classes and cell values containing the
probability of an event being a member of a particular class. These
are captured as values between 0 and 1. Simplicity of the format
and its compatibility with common spreadsheet tools have been
the major requirements driving the design of the specification.
Although it was originally designed for the field of flow cytometry,
it is applicable in any domain that needs to capture either fuzzy or
unambiguous classifications of virtually any kinds of objects.

Public Data and Software

As in other bioinformatics fields, development of new methods
has primarily taken the form of free open-source software, and
several databases have been created for depositing open data.

Bioconductor

The Bioconductor project is a repository of free open-source
software, mostly written in the R programming language [64]. As
of July 2013, Bioconductor contained 21 software packages for
processing flow cytometry data [65]. These packages cover most of
the range of functionality described earlier in this article.

GenePattern

GenePattern is a predominantly genomic analysis platform with
over 200 tools for analysis of gene expression, proteomics, and
other data. A web-based interface provides easy access to these
tools and allows the creation of automated analysis pipelines
enabling reproducible research. Recently, a GenePattern Flow
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Cytometry Suite has been developed in order to bring advanced
flow cytometry data analysis tools to experimentalists without
programmatic skills. It contains close to 40 open-source Gene-
Pattern flow cytometry modules covering methods from basic
processing of flow cytometry standard (i.e., FCS) files to advanced
algorithms for automated identification of cell populations,
normalization, and quality assessment. Internally, most of these
modules leverage from functionality developed in Bioconductor.

Much of the functionality of the Bioconductor packages for flow
cytometry analysis has been packaged up for use with the
GenePattern [66] workflow system, in the form of the GenePattern
Flow Cytometry Suite [67].

Public Databases

The Minimum Information about a Flow Cytometry Experi-
ment (MIFlowCyt) requires that any flow cytometry data used in a
publication be available, although this does not include a
requirement that it be deposited in a public database [68]. Thus,
although the journals Cytometry A and B, as well as all journals
from the Nature Publishing Group require MIFlowCyt compli-
ance, there is still relatively little publicly available flow cytometry
data. Some efforts have been made toward creating public
databases, however.

Firstly, CytoBank, which is a complete web-based flow
cytometry data storage and analysis platform, has been made
available to the public in a limited form [69]. Using the CytoBank
code base, FlowRepository was developed in 2012 with the
support of ISAC to be a public repository of flow cytometry data
[70]. FlowRepository facilitates MIFlowCyt compliance [71], and
as of July 2013 contained 65 public datasets [72].

Datasets

In 2012, the flow cytometry community started to release a set
of publicly available datasets. A subset of these datasets
representing the existing data analysis challenges is described
below. For comparison against manual gating, the FlowCAP-I
project has released five datasets, manually gated by human
analysts, and two of them gated by eight independent analysts
[26]. The FlowCAP-II project included three datasets for binary
classification and also reported several algorithms that were able to
classify these samples perfectly. FlowCAP-III included two larger
datasets for comparison against manual gates as well as one more
challenging sample classification dataset. As of March 2013, public
release of FlowCAP-III was still in progress [73]. The datasets used
in FlowCAP-I, II, and III either have a low number of subjects or
parameters. However, recently several more complex clinical
datasets have been released including a dataset of 466 HIV-
infected subjects, which provides both 14 parameter assays and
sufficient clinical information for survival analysis [50,74-76].

Another class of datasets are higher-dimensional mass cytom-
etry assays. A representative of this class of datasets is a study that
includes analysis of two bone marrow samples using more than 30
surface or intracellular markers under a wide range of different
stimulations [8]. The raw data for this dataset is publicly available
as described in the manuscript, and manual analyses of the surface
markers are available upon request from the authors.

Open Problems

Despite rapid development in the field of flow cytometry
bioinformatics, several problems remain to be addressed.

Variability across flow cytometry experiments arises from
biological variation among samples, technical variations across
instruments used, as well as methods of analysis. In 2010, a group
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of researchers from Stanford University and the National Institutes
of Health pointed out that while technical variation can be
ameliorated by standardizing sample handling, instrument setup,
and choice of reagents, solving variation in analysis methods will
require similar standardization and computational automation of
gating methods [77]. They further opined that centralization of
both data and analysis could aid in decreasing variability between
experiments and in comparing results [77].

This was echoed by another group of Pacific Biosciences and
Stanford University researchers, who suggested that cloud
computing could enable centralized, standardized, high-through-
put analysis of flow cytometry experiments [78]. They also
emphasized that ongoing development and adoption of standard
data formats could continue to aid in reducing variability across
experiments [78]. They also proposed that new methods will be
needed to model and summarize results of high-throughput
analysis in ways that can be interpreted by biologists [78], as well
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