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ABSTRACT

The rise in the analytical speed of mutiparameter flow cytometers made possible by the introduction of digital instruments, has brought up the possibility to manage
progressively higher number of parameters simultaneously on significantly greater numbers of individual cells. This has led to an exponential increase in the
complexity and volume of flow cytometry data generated about cells present in individual samples evaluated in a single measurement. This increase demands for new
developments in flow cytometry data analysis, graphical representation, and visualization and interpretation tools to address the new big data challenges, i.e.
processing data files of =10-25 parameters per cell in samples with > 5-10 million cells (= up to 250 million data points per cell sample) obtained in a few minutes.

Here, we present a comprehensive review of some of the tools developed by the EuroFlow consortium for processing flow cytometric big data files in diagnostic
laboratories, particularly focused on automated EuroFlow approaches for: i) identification of all cell populations coexisting in a sample (automated gating); ii) smart
classification of aberrant cell populations in routine diagnostics; iii) automated reporting; together with iv) new tools developed to visualize n-dimensional data in 2-
dimensional plots to support expert-guided automated data analysis. The concept of using reference data bases implemented into software programs, in combination
with multivariate statistical analysis pioneered by EuroFlow, provides an innovative, highly efficient and fast approach for diagnostic screening, classification and

monitoring of patients with distinct hematological and immune disorders, as well as other diseases.

1. Introduction

In the last decades, parallel developments in multiple technologies
devoted to high-throughput analysis of biological samples, (e.g. next-
generation sequencing, gene expression profiling, proteomics, meta-
bolomics and flow cytometry), together with the advances in computer
hardware and computational tools, have placed biomedical research
and laboratory diagnostics in the big data arena. Thereby, a lot of at-
tention has been devoted to the potential utility of big data (analytical)
approaches for fulfilling the increasingly high demand for innovative
analytical solutions raised by the enormous complexity and volume of
data generated in biology and medicine (Marx, 2013; Finak et al., 2014,
Schultze, 2015). Among other sources of big data, flow cytometry is also
included.

Early flow cytometry immunophenotypic studies were based on
single marker stainings for evaluation of a few thousand cells. With the
advent of =8-color flow cytometry devices in the past decade, an

enormous increase in the complexity and amount of data generated
about normal, reactive and malignant cells has occurred. Three main
factors played a critical role in this rapid increase in data collection: i)
the development of instrumentation progressively capable of higher
number of parameters that can be simultaneously assessed for in-
dividual cells, ii) the availability of a greater number of fluorochromes
compatible with these instruments and, iii) the higher speed of analysis
brought up by digital (vs. analogic) instruments, which allows evalua-
tion of several tens of thousands cells per second (Freer and Rindi,
2013; Martini et al., 2012). This exponential growth in the complexity
of data generated about larger numbers of (i.e. tens of millions) in-
dividual cells (and their products), has pointed out the need to accel-
erate the incorporation of new developments in both data analysis and
representation-visualization tools, and to re-evaluate and modify the
conventional 1-2-dimensional-based flow cytometry data analysis
procedures (Robinson et al., 2012; Pedreira et al., 2013; Orfao et al.,
1999; Wood, 2016; Comans-Bitter et al., 1997; Chester and Maecker,
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2015). Therefore, selection, validation and implementation (or even
development) of novel multivariate analytical approaches and algo-
rithms capable to mine large amounts of high-dimensional flow cyto-
metry data using smart strategies and innovative tools, in a fast, robust,
standardized and reproducible way, has become a major challenge
(Robinson et al., 2012; Pedreira et al., 2013; Comans-Bitter et al., 1997;
Chester and Maecker, 2015). Despite the great potential of such mul-
tivariate flow cytometry data analysis approaches vs individual human
expertise, intuitive visualization of data in a user-friendly way, as well
as efficient data storage and retrieval, are also key to allow access of
experts to high-dimensional spaces where single data points (e.g. cells,
cell populations, patients) fall, and facilitate interactive expert-based
control (i.e. expert guidance and intervention) of the analytical process
(Pedreira et al., 2013).

Due to its intrinsic analytical possibilities, multiparameter flow cy-
tometry is currently considered an invaluable tool for both research and
routine diagnostic purposes. Thus, =8-color flow cytometers are cur-
rently available in virtually every diagnostic and research laboratory
around the world, particularly for evaluation of normal and/or malig-
nant hematopoietic and lymphoid cells (Orfao et al., 1999; Wood, 2016;
Comans-Bitter et al., 1997). Actual expansion of multiparameter flow
cytometry to the field of immunology and hematology has been
strongly facilitated by the fact that blood cells, including immune cells,
typically circulate as single cells in our body, in the blood stream (and
other body fluids). This makes it possible to analyze millions of single
blood/immune cells via minimally-invasive diagnostic procedures
(Robinson et al., 2012; Chester and Maecker, 2015; Mair et al., 2016).

Based on the identified data processing and analysis needs of clin-
ical flow cytometry, the EuroFlow consortium has developed, validated
and implemented, novel analytical tools in combination with smart
diagnostic strategies, for processing clinical flow cytometry big datasets in
routine diagnostics in the fields of leukemia and lymphoma and pri-
mary immune deficiencies of the lymphoid system, as reviewed below
(Kalina et al., 2012).

2. Toward new ways to analyze and interpret flow cytometry data

For decades, conventional multiparameter flow cytometry data
analysis procedures have been used to identify unique cell populations
within a sample and characterize them, by defining gates in single
parameter and bi-dimensional (parameter X vs parameter Y) plots, as
already proposed in the early 1960's (Orfao et al., 1999; Bonner et al.,
1972; Hulett et al., 1969). To solve problems related to the greater
dimensionality of data when =10 parameters are simultaneously
measured for single cells, sequential “Boolean” gating strategies
(mainly) based on 2-D plots, were universally adopted for the identi-
fication of one or multiple cell populations coexisting in a sample, ty-
pically followed by visualization of the immunophenotypic profiles and
relative distribution in the sample of the gated events in e.g. single
parameter plots with descriptive statistics about them (Hunter et al.,
1994). Whenever the number of markers in a panel required to stain a
given sample was higher than the upper limit of the multicolor cap-
abilities of the available flow cytometer instrument, the whole set of
markers to be analyzed had to be investigated in two distinct aliquots of
the same sample. In such case, data analysis is based in separate eva-
luation of the different data files generated about each aliquot of the
sample, and the relationship between the phenotype of cells for markers
evaluated in different aliquots of the same sample, fully relies on the
interpretation of an expert.

Between 1985 and 2005, most available clinical flow cytometers
could only evaluate (simultaneously) 5-7 parameters per cell (Pedreira
et al., 2013; Orfao et al., 1999) for a few hundred thousand cells.
During this period, the number of markers required to compose a panel
progressively increased to around 10-20 antibodies. Because of this,
interpretation of progressively more complex, but objective, data de-
rived from such quantifiable flow cytometry measurements, has
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gradually developed into a relatively subjective expert-based inter-
pretation of “FCM images or pictures” (i.e. histograms and bivariate dot
plots), in a similar way to what is done in conventional cytology and
histopathology (e.g. interpretation of microscopic “images or pictures”
of single cell smears, cytospins or histological sections). These expert-
based data analysis and interpretation strategies necessarily demanded
for highly-experienced and well-trained experts to select for the (right)
cell population(s) of interest, at the expense of slower and/or less re-
producible analyses; consequently, in many centers this has hampered
the quality of the results obtained, while frequently limiting also the
amount of data analyzed to (only) a small fraction of the total data
generated, e.g. a few cell subsets from all cell populations in the sample
(Pedreira et al., 2013).

Further parallel increase in multiparameter capabilities of digital
flow cytometers, together with the number of distinct markers eval-
uated per antibody panel, emphasized the urgent need for novel data
analyses strategies capable of i) extracting data from the new n-di-
mensional (n-D) spaces, ii) representing such multidimensional data in
1-2-dimensional graphics for expert intuitive data visualization, and iii)
developing user-friendly interpretation-guided tools of both raw and
processed big datasets (Robinson et al., 2012; Pedreira et al., 2013).
Early introduction of multivariate flow cytometry data analysis algo-
rithms, and their corresponding 2-D graphical representations, has ra-
pidly highlighted the relevance of standardization of multiparameter
flow cytometry procedures, to be able to take advantage of all potential
benefits of automated pattern-guided data analysis approaches
(Pedreira et al., 2013; Kalina et al., 2012; Costa et al., 2006; Costa et al.,
2010). Since the earliest contributions to automated multiparameter
clinical flow cytometry data analysis (Costa et al., 2006), an increased
number of computational methods have been reported that might po-
tentially overcome the limitations of conventional expert-based
(manual) flow cytometry data analysis procedures (Costa et al., 2010;
Quinn et al., 2007; Aghaeepour et al., 2011; Lo et al., 2008; Zare et al.,
2012; Roederer et al., 2011; Qiu et al., 2011; Finak et al., 2016), as
summarized elsewhere (Aghaeepour et al., 2013). Therefore, develop-
ment, implementation and availability of new, up-to-date software tools
for improved multivariate analysis and interpretation of complex mul-
tiparameter flow cytometry data, has become a priority. Many of the
novel software tools and computational algorithms that are devoted to
analysis and processing of multiparameter flow cytometry big data,
have been implemented in open source software packages for easy ac-
cess (Kalina et al., 2012; Qiu et al., 2011; Malek et al., 2015; van der
Maaten and Hinton, 2008). Nevertheless, in many of them, user-
friendly graphical interfaces are not provided, while several require the
user to have some (basic) knowledge about software programming
languages such as R, Python, Java or Matlab (Aghaeepour et al., 2011),
in the absence of structured support to the user; in addition, none of
these open source flow cytometry software tools has been (or is being)
cleared for in vitro diagnostics (IVD). Altogether, these limitations be-
come actual barriers for extended adoption and use of these software
tools in most diagnostic laboratories around the world.

In parallel to the above initiatives, the EuroFlow consortium has
pioneered the development of new software tools and strategies, as well
as novel graphical representations for analysis and visualization of flow
cytometry big data about single cells, beads and other types of events,
which can be of great utility in both clinical and research flow cyto-
metry laboratories. Such tools have been progressively implemented in
the Infinicyt software (Cytognos SL, Salamanca, Spain). Altogether, this
has paved the way for the introduction of (standardized) big data
analytical tools to clinical flow cytometry in routine diagnostics (Flores-
Montero et al., 2017; van der Burg et al., 2019; Lhermitte et al., 2018).

3. Automatic identification of cell populations

Identification of cell populations based on gating of flow cytometry
data remains a basic and critical step in multiparameter flow cytometry
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data analysis in both diagnostic and research laboratories. Initially,
gating was based on the establishment of a rectangular-shape region in
a bi-dimensional dot plot. Subsequently, so called “Boolean” gating
strategies were introduced, aiming at identifying a cell population
based on a combination (e.g. the intersection) of multiple sequential
gates established in a series of distinct single parameter histograms
and/or, particularly 2-D dot plots (Hunter et al., 1994). Based on these
gating approaches, a considerable large number of gates (or regions) is
required for optimal identification of a given cell population in a
sample that consists of multiple heterogeneous cell types and their
subsets (Pedreira et al., 2013; Mair et al., 2016), as apart from selecting
the cell population of interest, cell doublets and debris have to be dis-
carded.

Early advances in software tools allowed to establish gates of dif-
ferent shapes, adapted to the distribution of the cell population being
analyzed, in the most informative combination of (e.g. 2-D) dot plots.
This has led to the introduction of elliptical, round-shaped and poly-
gonal (i.e. very flexible) gates and gate combinations, in most available
proprietary and open source flow cytometry software packages.
However, this flexibility has further increased significantly the com-
plexity of gating procedures, with a negative impact in reproducible
gating (Sutherland et al., 1996). Such complexity has further extended
significantly, when = 8-color digital flow cytometers became available.
This was due to the: i) greater number of dimensions (parameters) per
cellular event; ii) the increased number of cells evaluated per single
measurement, and iii) the higher number of cell populations identifi-
able in a single stain. Consequently, an exponential increase in time
required for gating during flow cytometry data analysis, occurred. Of
note, the specific gates and gating strategies used in this period still
relied (mostly) on expert-based decisions, being thereby, associated
with a significant component of individual subjectivity (Pedreira et al.,
2013).

Once this problem had been recognized, the EuroFlow consortium
started to search for innovative data analysis solutions, for faster and
standardized (simultaneous) identification of all cell populations co-
existing in a sample stained with an informative antibody combination.
Since then, interactive automated gating approaches (Fig. 1) have been
developed by EuroFlow, which rely on comparison of a given data file
against flow cytometry reference big data bases composed of large sets
of normal, reactive and/or patient data files, from matched samples
stained with the same overlapping antibody combination and sample
preparation and data acquisition SOPs. Overall, the new automated
gating approaches developed by EuroFlow take advantage of a combi-
nation of previously developed clustering algorithms (Fig. 1, panels B1
and B2), to which a subsequent cluster classification step is added, to
group the clusters of events into cell populations with a biological and/
or clinical meaning (Fig. 1, panels C1 and C2). This classification step is
reached via comparison of the immunophenotypic features of in-
dividual clusters of events against pre-existing, well-defined and stan-
dardized big data bases of matched normal and pathologic samples.
Briefly, in a first step, all individual events contained in a given flow
cytometry data file (Fig. 1 panels Al and A2) are clustered (i.e. clas-
sified using unsupervised clustering algorithms). This is done by ap-
plying an agglomerative clustering approach starting from the less to
the more dense regions in the multidimensional space. Thus, one gen-
erates, hundreds to thousands of different groups of similar events
(clusters of events) which might have (or not have) biological and/or
clinical significance, without (human) subjectivity (Fig. 1, panels Bl
and B2). This unsupervised approach might eventually reveal popula-
tions of cells that do not appear in the training datasets. Although
possible, a supervised scheme would limit identification of such cell
populations present in the dataset. In a second step, each of the clusters
(groups) of events is compared against the reference data base (Fig. 1,
panels C1 and C2). Such data base comparisons open up three possi-
bilities for each specific cluster of events: (i) the features of the cluster
of events fully match (coincide) with those of given cell population in
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Fig. 1. Schematic representation of the automated gating and cell identification
approach proposed by EuroFlow for analysis of flow cytometry data files.
Unsupervised clustering analysis performed on raw flow cytometry data (panel
A), leads to the identification of multiple clusters of events (panel B); through
the comparison of each individual cluster of events (supervised) against a pre-
defined data base, further classifies each of the clusters of events from panel B,
into a specific cell population that fully matches the clusters' phenotypic fea-
tures (panel C). In the left column (A1, B1 and C1), a schematic representation
is shown, in which each point represents a cluster. Actual Flow cytometry data
shown in the right column (A2, B2 and C2) in which each small point represents
a cell event.

the data base, (ii) they might be similar to it, or (iii) they do not match
at all the features of any of the cell populations represented in the re-
ference data base. Whenever the interrogated cluster of events fully
matches the features of a cell population contained in the data base, it
might be classified as corresponding to that specific cell population; in
turn, if despite being very similar to a given cell population, it does not
fully match its features, then it is classified as potentially belonging to
that specific cell population with the need for a further expert re-eva-
luation and decision about the cell population that cluster of events
should be finally classified into. Finally, in case a cluster of events does
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not match (i.e. significantly differs from) any of the cell populations
represented in the database, it remains as an unclassified group of
events (e.g. for further expert evaluation). Therefore, all groups of
events obtained in a first step are classified in this second (data base
comparison) step into: i) a well-defined cell population, debris or
doublets, ii) a population of cells, debris or doublets that needs to be
checked by an expert, or iii) an unclassifiable cluster of events for
further expert evaluation. The results of the above automated gating
steps are schematically illustrated in Fig. 1 (panels C1 and C2).

Based on the automated gating process described above, it should be
emphasized here that, reference data bases must consist of re-
presentative sets of flow cytometry data files from healthy controls
and/or patients, matched for the same type of sample, stained with
exactly the same (or fully equivalent) multicolor antibody combination.
To be considered as -fully equivalent-, a combination of antibodies
should consist of antibody reagents that provide identical staining
patterns to those obtained with the reference combination, meaning
they recognize the same epitopes, they are conjugated with fluor-
ochromes that can be measured in the same wavelengths and that they
provide similar stain indices (e.g. < 30% difference in fluorescence
intensity profiles) for both positive and negative cell populations co-
existing in normal samples. In addition, they should include sufficient
numbers of data files derived from distinct samples that mimic the
acceptable levels of (technical and biological) variability that might be
expected, for instance, for measurements performed at different days, in
different instruments and distinct centers, by multiple technicians.
Since these data bases are used as reference staining patterns against
which stainings performed in a specific sample (or group of samples)
from individual patients are directly compared, via the above described
approaches and innovative software tools, different data bases per an-
tibody combination, sample type, and even age, are required for op-
timal performance of the automated gating approach. Of note, in step 2,
comparison of each of the clusters of events from a data file, against
each of the different cell populations in the data base, requires algo-
rithms (e.g. distinct multivariate analysis algorithms) and probability-
based scoring criteria for the definition of the match vs. similar vs.
unmatched results. Through this machine learning (Abu-Mostafa et al.,
2012) approach, experts' knowledge introduced in the pre-defined cell
populations (identified/gated) in the data base, is brought into a highly
objective computer-based reference standard, which might be uni-
formly used across different laboratories, independently of the local
expertise (e.g. knowledge and experience) (Kalina et al., 2012).

Validation of the EuroFlow automated gating approach vs expert-
based manual gating for several different EuroFlow panels (van der
Burg et al., 2019; van Dongen et al., 2012; Flores-Montero et al., 2019)
and distinct types of samples (Flores-Montero et al., 2017), has shown
that it is significantly faster, at the same time it is associated with high
accuracy and reproducibility, with typically < 2% events in normal
samples being required to be checked by the expert, based on com-
parison with all cell populations present in a data base matched for type
of sample, antibody panel, sample preparation protocol and instrument
set-up and calibration conditions (Flores-Montero et al., 2017; van
Dongen et al., 2012; Flores-Montero et al., 2019; Kalina et al., 2018).
For example, automated gating alarmed for the presence of abnormal
cells in virtually all (> 450) patients diagnosed with acute leukemia, B
cell chronic lymphoproliferative disorders (BCPD) and multiple mye-
loma (MM), after they had been stained with the EuroFlow ALOT
(Acute Leukemia Orientation Tube), LST (Lymphocyte Screening Tube)
and MM-MRD (Multiple Myeloma-Minimal Residual Disease) panel,
respectively. Alarms were based on the presence of altered phenotypes
and/or abnormally increased numbers of hematopoietic precursors,
clonal/aberrant mature B-cells and plasma cells, respectively, as illu-
strated in Fig. 2 for a patient with a B-CLPD (Flores-Montero et al.,
2017; van Dongen et al., 2012; Flores-Montero et al., 2019). In addi-
tion, automated gating also alarmed for specific technical problems in
some data files (e.g. lack of reagent, too much debris, and inclusion of
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Fig. 2. Spider diagram illustrating the percent and immunophenotypic differ-
ences (software alarms) between a population of leukemia cells vs its normal
counterpart. The data shown in the spider diagram derives from the comparison
of a peripheral blood tumor chronic lymphocytic leukemia B-cell population
(red line) against normal reference peripheral blood B-lymphocytes (green
shaded areas) in a reference normal peripheral blood data base. (For inter-
pretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

large tumor cells in the doublet gate).

Despite all the above advances, automated identification and
quantification of rare cells still remains a challenge. In 2008, we eval-
uated an approach (Pedreira et al., 2008) based on Principal Compo-
nent Analysis (PCA) (Jolliffe and Cadima, 2016) and a probabilistic
Bayesian model, which provided a tool for MRD detection in B-CLPD
associated with relatively high sensitivity (<107 °). More recently
(Qiu, 2015), rare cell identification was also approached through two
techniques associated with very high computational cost: divergence
(to measure pseudo-distances between two probability distributions)
and an ensemble of Support Vector Machine (SVM). The experiment
was done with training samples derived from the original samples,
which roughly contained between 0.02% and 0.04% tumor cells, and
produced an F-measure prediction value of only 0.69. EuroFlow has
also designed and evaluated an approach based on the contribution of
Canonical Correlation Analysis (Peltier et al., 2015), to which other
multivariate analysis and clustering algorithms were added for com-
parison with cell populations in a data base; this approach has been
subsequently validated and adopted for automated identification of rare
cell populations (e.g. MRD detection) (Flores-Montero et al., 2017). Of
note, while expert-based identification of MRD could reach a sensitivity
(limit of detection) of 2 x 1076, parallel automatic gating alarmed for
the presence of MRD at a limit of detection of 10 ~5, which is still above
the limit of sensitivity (within quantitative range) recommended by the
International Myeloma working Group for MRD monitoring in MM
(Kumar et al., 2016).

4. Data bases for classification of cell populations into distinct
disease categories

The primary goal of clinical flow cytometry for diagnosis, classifi-
cation and monitoring of leukemia and lymphoma and primary immune
deficiencies, is to identify the presence of one or more populations of
altered cells in a flow cytometry data set corresponding to a patient
sample; in case such abnormal cell population(s) is identified, a second
goal is pursued: to accurately link the altered cell population to the
underlying disease condition and/or patient outcome (Pedreira et al.,
2013).



C.E. Pedreira, et al.

As mentioned above the two distinct types of alterations most fre-
quently identified in biological samples investigated by flow cytometry,
for the presence of hematopoietic tumor cells or an underlying im-
munodeficiency, include: i) the presence of so-called aberrant pheno-
types which are not seen in normal or reactive conditions, and ii) ab-
normally increased or decreased (absolute and/or reactive) cell counts.
Distinct disease conditions are usually associated with uniquely altered
cell distribution patterns and/or cell phenotypic profiles. Similarly to
what has been designed for automated gating of flow cytometry data,
EuroFlow has built a set of different data bases by merging flow cyto-
metry data files of samples derived from multiple diseases and that
contained the typically altered cell populations (e.g. tumor cell popu-
lations) from patients with e.g. distinct types of acute leukemia, B-
CLPD, T-CLPD, myelodysplastic syndromes, paroxysmal nocturnal he-
moglobinuria, primary immunodeficiencies, and other groups of dis-
eases (Arber et al., 2016; Seidel et al., 2019). Once an altered cell po-
pulation is identified in a flow cytometry data file from a given patient
via comparison with a data base containing all normal cell populations
present in that particular type of sample, the features (number and
phenotype) of the altered (i.e. alarmed) cell population, can be further
compared with those of cells from a data base that contains sets of
representative cases of multiple diagnostic entities. Based on this latter
comparison, the interrogated (altered) cell population(s) can be further
classified into one (or more) or none of such diagnostic entities.

In this regard, EuroFlow has also constructed data bases containing
sets of flow cytometry data files corresponding to distinct disease ca-
tegories and specific for distinct EuroFlow screening tubes (e.g. ALOT)
and antibody panels (e.g. BCLPD panel). Such data bases contain hun-
dreds of patient samples classified according to the distinct World
Health Organization (WHO) diagnostic categories (Arber et al., 2016).
In turn, each patient sample consists of n-dimensional data about each
individual cells in the data base (and/or the corresponding median
fluorescence intensity values for each individual phenotypic parameter
evaluated per patient sample); such data are then, either directly used
for analysis, or employed to generate 2-D views of the original n-D
space data, where optimal separation between groups of patients from
distinct diagnostic categories in a given data base, is obtained through
distinct (e.g. multivariate analysis) algorithms. Thus, reference cases
within the same diagnostic category in the data base should form a
cluster of patients with mean values and standard deviation values per
diagnostic category, in the either supervised or unsupervised 2-D spaces
generated for the comparison of newly interrogated altered cell popu-
lations vs. altered cell populations of cases from =1 diagnostic category
in the data base. Thus, once a new case —not belonging to the reference
data base- is compared against the reference data base values, it is also
mapped in the same 2-D space and its location is confronted with that of
the clusters of diseases contained within the reference cases. The de-
cision to assign this cell population newly interrogated against the data
base, to a given diagnostic category, relies on i) determining the
probability it belongs to each of the distinct diagnostic categories in the
data base, and ii) deciding to which one it belongs to because of being
associated with the highest probability (Fig. 3). Of note, comparison of
a new case against the reference cases in the data base can be done
directly in the n-D space built on the basis of all parameters evaluated
in common and visualized in 2-D graphics, or it can be directly com-
pared in the 2-D space.

5. Smart classification of altered cell populations

Cells that belong to the same population are expected to show very
similar immunophenotypic features and consequently, single events
may be modeled as elements of an n-dimensional (n-D) space -formed
by the n evaluated markers- where they cluster together and may be
assigned (labeled) to specific classes that correspond to distinct cell
populations. This opens the door to approach the classification of al-
tered cell populations in a statistical pattern classification framework.
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The strategies proposed by EuroFlow for smart classification of al-
tered cell populations, are typically based on use of reference data files
that contain reference cell populations that have been previously la-
beled by experts. In brief, the different EuroFlow strategies proposed for
the classification of altered cell populations, such as those described
below, are generally based on distinct algorithms that are applied to the
reference data sets (i.e. the actual data in the reference data bases
used), followed by the confrontation of an interrogated cell population
(i.e. test case) against the transformed reference dataset (Pedreira et al.,
2013; Costa et al., 2010; Lhermitte et al., 2018; Pedreira et al., 2008). In
some of the strategies selected, the initial transformations aim at
mapping the n-dimensional data into 2-D spaces, to allow the use of e.g.
standard deviation (SD) based classification criteria. For other strate-
gies, all transformations are directly done in the n-dimensional markers'
space, without any previous reduction of data dimensionality, which
avoids loss of part of the overall information, but prevents the use of
standard deviation classification criteria. Of note, the choice of the
panel of markers to be included in a data base is critical, because it
determines the n-dimensional space in which the events are embedded
and whether the distinct groups of events contained in the data base are
susceptible of being clearly separated between them in such n-dimen-
sional space. Thus, independently of the procedure used to classify a
given cell population, the classification can only be fully successful
when the distinct groups of reference cell populations are optimally
separated in the n-dimensional space formed by the distinct scatter and
phenotypic markers used to stain in common the cell populations in the
data base; thus, the success of smart classification of cell populations
intrinsically depends on appropriate design of the panel of markers used
to achieve the required separation between the distinct relevant cell
populations in the data base. Because of this, EuroFlow has carefully
developed first, the appropriate antibody combinations and panels of
markers that provide the required separation among the cell popula-
tions of interest in the n-dimensional markers' space (van der Burg
et al., 2019; Theunissen et al., 2017; Blanco et al., 2018; Blanco et al.,
2019; Damasceno et al., 2019), and subsequently, the analytical tools
(Pedreira et al., 2013).

Overall, the different classification strategies can be divided in two
main groups. The first group comprises approaches that first map data
from the n-dimensional space into a 2-D space (Fig. 3C), followed by
application of a pre-defined classification algorithm to decide which
specific (e.g. diagnostic) label should be assigned to each individual test
case, based on the resulting 2-dimensional transformed data. This in-
cludes several approaches that differ among them in the way di-
mensionality is reduced, such as PCA (Costa et al., 2010), Canonical
Correlation Analysis (CA) (Peltier et al., 2015), and Robust (curve)
analysis (Daszykowski et al., 2007) illustrated in the Fig. 3, panels C2,
C3 and C4 respectively. The second group of classification approaches
embraces strategies such as the neighbor APS (Fig. 3, panel C5) and
Support Vector Machine (SVM) based algorithms (Goldberger et al.,
2004), in which the decision is directly generated using the n-dimen-
sional data, with subsequent visualization in 2-D plots.

From the first group of approaches selected for reducing multi-
dimensional data, the Automatic Population Separator (APS) plots im-
plemented > 15years ago in the Infinicyt software, use PCA (Costa
et al., 2010) to bring data from n-D to 2-D spaces (Fig. 3C2). PCA is a
transformation that produces n linear combinations of the markers (the
so-called n principal components), in such a way that the first principal
component accounts for as much of the variability in the data as pos-
sible, while the second, third and the following components account for
the maximum variability not explained by the previous ones. Thus,
through PCA, principal components maximize description of data
variability both among, and within, the groups, the first few principal
components being usually sufficient to appropriately represent the
structure of data (Fig. 3C2). In turn, CA (Peltier et al., 2015) — Fig. 3C3,
despite following the PCA principles, is a supervised approach that
searches for components (directions) in such a way that, the Euclidean
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Fig. 3. Classical vs novel graphical tools for visualization of flow cytometry data. Classical single parameter (vs cell count) histograms (panel A1)) and histogram
arrays for several parameters (panel A2) and multiple cell populations (panel A3) are shown in A. In B, conventional 2- (panels B1-B3) and 3-dimensional (panels B4
and B5) dot plots (panels B1, B3 and B4) and density plots (panels B2 and B5) are displayed. > 3-dimensional (panel C) flow cytometry data. In C, a multiview plot
(panel C1) together of several 2-dimensional graphical plots of data corresponding to distinct multivariate analysis approaches are shown in panels C2-C6: principal
component analysis (APS) in panel C2, canonical correlation analysis in panel C3, Robust curve analysis in panel C4, neighbor-APS (NAPS) in panel C5 and t-SNE in
panel C6. In D, expression of the CD19 marker in different cell subsets coexisting in a sample is shown in a box plot graphical display (panel D1), together with two
distinct graphical representations of population trees reflecting their size and the relationship among them (panels D2 and D3). In E, a principal component (PC) 1 vs
PC2 APS plot (panel E1) as well as a conventional bivariate dot plot (panel E2) showing the maturation pathway of normal BM neutrophils is displayed, together with
the pattern of expression of CD117 (panel E3) and multiple other markers (panel E4), along the different BM maturation stages (X-axis in panels E4 and E5).

distances in the transformed 2-dimensional space reflect Mahalanobis
distances in the original n-dimensional space, resulting in maximum
separation among the groups with minimal intragroup variation
(Fig. 3C3). Calculation of Mahalanobis distances requires pre-estab-
lished (supervised) definition of the distinct groups. Finally, the so-
called Robust curve analysis, is based on robust distances (Daszykowski
et al.,, 2007) between events and groups, calculated by reducing the
influence of outliers in Mahalanobis distances, i.e. by replacing, in the
calculation of Mahalanobis distances, the covariance matrix by its ro-
bust counterpart. The 2-D transformed dataset is set up by pairs con-
taining the two robust distance of each event to each of two confronted
groups (e.g. disease categories) (Fig. 3C4). For each of the above three

strategies, transformed 2-D datasets are generated first; subsequently,
the test-case is interrogated against all two-by-two group comparisons,
using the (e.g. 2) standard deviation criterion. Based on this criterion,
the test-case is associated with one of the two groups, e.g. if it is inside
the 2 standard deviations contour of this group and clearly outside the 2
standard deviation contour of the other group. The final label is defined
by a score, based on the results obtained from all two-by-two group
comparisons. Thus, when a (test) tumor cell population is to be classi-
fied among three possible groups (disease categories) such as reference
AML, BCP-ALL and T-ALL groups, and it falls inside the AML reference
group in both the AML vs BCP-ALL and AML vs T-ALL comparisons,
while it falls outside the BCP-ALL and T-ALL groups in the BCP-ALL vs
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T-ALL comparison, this case would be classified as AML (Costa et al.,
2010; Lhermitte et al., 2018).

Regarding those strategies that are associated with classification
decisions directly in the n-dimensional data space that have been
evaluated by EuroFlow for classification of cell populations, based on
flow cytometry reference data bases, SVM and NAPS (Neighborhood
Automatic Population Separator), resulted particularly attractive. SVM,
is based on the classical Support Vector Machine algorithm (Goldberger
et al., 2004) and aims at finding an optimal separation hyperplane di-
rectly in the high dimensional space; such hyperplane maximizes the
separation between different groups of cell populations in the training
data set (e.g. data base), in such a way that all cell populations from one
group are located as far as possible from those belonging to another
group. SVM is by construction, a binary classifier, i.e. it only separates
two groups at a time. Thus, the normalized distance to the limits of the
two groups are used to estimate the probability that the test-cell po-
pulation should be classified as belonging to one or the other group. In
turn, the NAPS approach is based on the Neighborhood Components
Analysis algorithm (NCA) - Fig. 3C5 (Cortes and Vapnik, 1995). The
key concept behind NCA is to learn a distance metric, in the n-dimen-
sional markers' space, that maximizes the probability that new (test)
cell populations are correctly classified. After submitting the n-dimen-
sional data to a linear transformation, provided by the learned metric,
the K-Nearest Neighborhood algorithm may be applied in a much more
efficient way to classify new cases. Furthermore, a soft neighborhood
assignment is used through which a point selects another point as its
neighbor with a certain probability. This step is what makes feasible a
numerical solution to the optimization problem —i.e. to maximize the
probability that new cases are correctly classified- (Cortes and Vapnik,
1995).

Besides the above described supervised classification methods, other
clustering (unsupervised) algorithms might also be used to gather
groups of cell populations, without the need to use a pre-labeled
training set. Two main pathways are possible to achieve this goal. The
first consists on reducing dimensionality to 2-D through PCA, and then
apply the classical K-means. K-Means could be directly applied in the n-
dimension space, but results are often not satisfactory, mainly due to
the sparsity of the space. Alternatively, the t-Distributed Stochastic
Neighbor Embedding (t-SNE) (van der Maaten and Hinton, 2008) might
be applied. t-SNE aims at visualizing high-dimension data by projecting
it into a 2-D or 3-D space(Fig. 3C6). It belongs to the same family of
methods as NCA (Goldberger et al., 2004) and tries to place individual
events from an n-dimensional space in a 2-D or 3-D space in which their
neighborhood identity in n-D, is optimally preserved (van der Maaten
and Hinton, 2008) (Fig. 3C6).

6. Graphical visualization of n-dimension data

Dimensionality reduction from the n-D space generated by multi-
color flow cytometry measurements, to the visually accessible 2-D and
3-D spaces, allows flow cytometry experts to visually infer the relative
position of two events (or groups of events) in the original high-di-
mensional space (Fig. 3A-B). This approach has been used in clinical
flow cytometry to support expert decisions about the similarities be-
tween groups of events and/or cell populations and their classification
into normal vs pathological cell populations (Pedreira et al., 2013).
Thus, plots that represent multi-dimensional sets of flow cytometry data
have been traditionally used to select (e.g. gate) groups-of-events, and
consequently, to identify cell populations, using direct 1-D to 3-D re-
presentations of data (Fig. 3A-B), in an expert-based subjective way;
i.e., the expert selects from all possible 1-D to 3-D data plots, which
ones she/he will focus for the identification of the cell populations of
interest present in a flow cytometry data file. Through this approach,
graphical representations of multidimensional data, provide the op-
portunity to the decision-maker, to supervise the result provided by the
system since she/he can directly interact with the elements plotted in
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these 2-D graphics to select events, groups of events and visualize the
corresponding labels and statistic data. However, any dimensionality
reduction entails loss of a fraction of the original information present in
the n-dimensional dataset. Thus, whenever possible, 1-D to 3-D gra-
phics used to visualize n-D flow cytometry data should be used as
support tool for data visualization, particularly when automated data
analysis algorithms are applied to identify and classify cell populations
in a sample; in contrast, these graphics should not be “the only tool” to
rely on when analyzing n-D flow cytometry data, since it has become a
time consuming, expert-based, subjective approach, whose applicability
and feasibility decrease as the number of parameters and cell popula-
tion in a flow cytometry data set increases (Pedreira et al., 2013).

Currently, there are several ways to reduce data dimensionality in
the (computing) literature (van der Maaten and Hinton, 2008; Rogers
and Holyst, 2009; Flores-Montero et al., 2017; Yan and Xu, 2007; Peres
et al., 2013; Mead, 1992). Thus, in addition to the classical graphical
tools currently available in virtually every flow cytometry software
such as single-parameter histograms, bivariate and three-D dot plots
(Fig. 3A-B), 2-D graphical representations of n-D data based on distinct
multivariate data analysis approaches, such as PCA (Costa et al., 2010),
CA, Robust (curve) analysis (Daszykowski et al., 2007), NAPS/NCA
(Cortes and Vapnik, 1995) and t-SNE (van der Maaten and Hinton,
2008) (Fig. 3, panels C2-C6), as well as other types of plots illustrated
in Fig. 3D-E, need also to be considered as standard graphical plots for
visualization of multicolor flow cytometry data.

7. Concluding remarks

The increased complexity and volume of flow cytometry data gen-
erated in diagnostic laboratories has fostered the design, implementa-
tion and validation of novel data analysis tools and strategies for: i)
automated flow cytometry gating and identification of multiple popu-
lations of cells coexisting in a biological sample like blood, bone
marrow and lymph nodes, and ii) classification of altered tumor and
immune cells. In the last decade, EuroFlow has developed and validated
such strategies and tools via combined: i) clustering algorithms, ii)
multivariate data analysis approaches to classify samples with altered
cell populations into specific disease categories, and iii) the corre-
sponding 2-D visualization plots for expert-guided visualization and
control of the whole process. Such tools have taken advantage of su-
pervised approaches for labeling of relevant individual (biological or
clinical) cell populations, based on well-defined and pre-classified data
bases of normal and/or pathologic cells (Flores-Montero et al., 2019).

The use of these new tools and strategies will contribute to stan-
dardization of clinical flow cytometry, through faster and more objec-
tive analysis and interpretation of flow cytometric big data both in
research and clinical settings. At the same time the new EuroFlow tools
and strategies provide the basis for ongoing analysis of flow cytometry
big data sets derived from > 20-color experiments in which hundreds
of distinct cell populations are simultaneously identified (Liechti and
Roederer, 2019; Nettey et al., 2018).
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