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Modern cytometry technologies present opportunities to profile the immune system at a
single-cell resolution with more than 50 protein markers, and have been widely used in
both research and clinical settings. The number of publicly available cytometry datasets is
growing. However, the analysis of cytometry data remains a bottleneck due to its high
dimensionality, large cell numbers, and heterogeneity between datasets. Machine learning
techniques are well suited to analyze complex cytometry data and have been used in
multiple facets of cytometry data analysis, including dimensionality reduction, cell
population identification, and sample classification. Here, we review the existing
machine learning applications for analyzing cytometry data and highlight the importance
of publicly available cytometry data that enable researchers to develop and validate
machine learning methods.

Keywords: cytometry, cyTOF, machine learning, predictive modeling, flow cytometry

INTRODUCTION

Flow cytometry has been widely used in both research and clinical settings to characterize biological
samples at single-cell resolution with multiple protein markers. Researchers first label the cells with
fluorescent-tagged antibodies and use a flow cytometer to detect the fluorescent signals as the cells
rapidly flow past lasers. Since its first use in the 1960s (1, 2), the basic design of flow cytometry
remains largely unchanged. However, continuous improvements have been made to the flow
cytometers and fluorescent dyes, significantly increasing the speed at which cells are analyzed and
the number of protein markers that can be detected. Cytometry by time of flight (CyTOF, as known
as mass spectrometry) was invented in the 2000s (3, 4). Through the use of heavy metal isotope-
coupled antibodies, CyTOF can detect isotope peaks without significant spectrum overlap, thus
profiling more than 50 protein markers simultaneously.

While other advanced technologies, such as single-cell RNA-sequencing (scRNA-seq) and
Cellular Indexing of Transcriptomes and Epitopes by Sequencing (CEIT-seq), offer to
characterize the cells with a much larger number of measurements, their use is limited by the
high cost and the relatively low number of cells that can be processed. Conversely, the low cost of the
cytometry experiment allows it to be used to characterize hundreds of samples, while most scRNA-
seq experiments are limited to less than 10 samples. The cytometry is also capable of profiling a large
number of cells (> 10/6) per sample, allowing researchers to identify rare cell populations that could
potentially be missed by scRNA-seq. Thus, modern cytometry remains to be one of the most
important tools for immunology research.
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The analysis of cytometry data remains to be a challenge due
to its high dimensionality and the large number of cells. The
traditional manual gating uses a series of two-dimensional plots
to visualize the data and uses hierarchical gates to identify cell
populations. A key advantage of manual gating is that it allows
researchers to incorporate existing knowledge into the cytometry
data analysis, including the function of protein markers and the
developmental relationship of the cell populations. However, it
faces significant challenges when analyzing high-dimensional
cytometry data, as the two-dimensional plots often fail to show
the complex high-dimensional structure of the data. Moreover,
there is a possibility of human bias while analyzing data from
manual gating. In clinical settings, manual gating also suffers
from additional disadvantages such as the low processing speed
and the susceptibility to human errors.

To overcome the challenges faced by manual gating, many
computational tools have been developed to automate every step
of the cytometry data analysis, including quality control (5),
batch normalization (6, 7), data visualization (8-10), cell
population identification (11-16), and sample classification
(17-20). The tools utilize a wide range of computations
methods, ranging from rule-based algorithms to machine
learning models. Machine learning is a set of computational
and statistical methods that learn patterns from the data with
minimal input from humans. The machine learning methods can
be classified as supervised and unsupervised learning (21)
depending on if external labels, annotation or prior
information are available. In cytometry analysis, machine
learning models have been primarily used for dimensionality
reduction, cell population identification, and sample prediction
(11-20). In this review, we discuss different machine learning
approaches for analyzing flow cytometry data and the challenges
faced by these approaches. We also highlight the importance of
publicly available cytometry data that enabled researchers to
develop machine learning methods.

MACHINE LEARNING METHODS FOR
DIMENSIONALITY REDUCTION

Data visualization is often the first step in data analysis and can
have a profound influence on the subsequent interpretation of
high-dimensional cytometry data. By representing the high
dimensional data in two or three-dimensional graphs, it
enables researchers to explore the data and recognize patterns
that can be tested by later statistical analysis. In addition, data
visualization graphics are frequently displayed in publications to
convey biological insights (22, 23). Therefore, it is necessary to
ensure that the low dimensional visualization accurately
represents the information in the original data. The toolbox for
dimensionality reduction is expanding rapidly. Researchers now
have a wide variety of methods at their disposal for data
visualization, including Principle Component Analysis (PCA),
t-Distributed Stochastic Neighbor Embedding (tSNE), UMAP,
and many more (9, 24-26). Information loss is almost inevitable
when high-dimensional data is compressed into two or three
dimensions for visualization. Different dimensionality reduction

methods are designed to preserve various aspects of information
in data. Methods such as PCA and Multidimensional scaling
(MDS) aim to best preserve the global structure in the data (27);
Embedding methods such as tSNE and UMAP aim to preserve
the local structure in the data (25, 28). tSNE and UMAP are
particularly suitable for visualizing cytometry data due to their
ability to separate major cell subsets when projecting the high
dimensional data into two-dimension. However, cautions need
to be taken when interpreting the specific aspect of the tSNE and
UMAP plots. The distances between the cells are often distorted
in tSNE and UMPA plots. Thus, the similarity between cells
should be assessed using distance measures based on the original
high-dimensional space. Cell clusters should also be identified
using the original data rather than the low-dimensional data
from tSNE and UMAP.

MACHINE LEARNING METHODS FOR
CELL POPULATION IDENTIFICATION

Researchers routinely use cytometry to profile the cell
populations in biological samples. Data from cytometry
experiments not only allows researchers to understand the
cellular composition of healthy tissues but also provides
valuable information about how different cell subsets change in
disease conditions (4, 29-31). Many machine-learning methods
have been developed to annotate established cell populations, as
well as to discover novel cell subsets from the high-dimensional
cytometry data (Table 1).

Unsupervised Machine Learning Methods
for Cell-Type Identification

Unsupervised machine learning methods identify groups of cells
that are similar to each other based on cytometry data itself
without external information (Figure 1A). Many generic un-
supervised methods can be applied directly to cytometry data,
including the popular clustering methods such as K-means
clustering and hierarchical clustering, the probability-based
methods such as gaussian mixture models, and density-based
methods such as HDBSCAN (32).

Researchers have also developed computational pipelines that
are optimized for cytometry data, including FLOCK, flowSOM,
flowMeans, flowMerge, SWIFT, PhenoGraph, and many other
methods (11-16, 33). These pipelines use a combination of
existing unsupervised machine learning methods and customized
algorithms to optimize the analysis workflow. For example,
flowSOM maps the cells to a self-organized map (SOM) and
performs consensus hierarchical clustering to identify the cell
populations (15). FLOCK first identify regions with high densities
of cells and later merges the adjacent high-density regions into cell
populations (16). Unlike many other unsupervised methods,
FLOCK does not require users to pre-define the number of cell
populations, although additional hyperparameters still need to be
tuned by the user to optimize the results. FlowMerge uses Gaussian
mixture models to identify cell subsets from the cytometry data (13).
To address the problem that the mixture models often overestimate
the number of cell populations, flowMerge uses entropy-based
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TABLE 1 | Selected machine learning methods for cytometry analysis.

Machine learning Name Desciption
type
Dimentionality PCA PCA projects the high-dimensional data into lower dimensions while preserving as much of the data's variation as possible.
reduction MDS MDS projects the high-dimensional data into lower dimensions while preserving as much of the pairwise distances between the
cells. MDS and PCA are equivalent when the Euclidean distance is used.
tSNE t-SNE (t-distributed stochastic neighbor embedding) is a non-linear dimensionality reduction method. t-SNE transforms the
pairwise distances into probabilities based on t-distribution, thus emphasizing preserving the data's local structure.
UMAP UMAP (Uniform Manifold Approximation and Projection) is a method for dimension reduction using manifold learning techniques.
Similar to tSNE, UMAP emphasis preserving the local structure of the data.
Unsupervised FLOCK FLOCK identify cell populations using density-based clustering.
methods for cell flowSOM FlowSOM maps cells to self-organizing maps and uses consensus hierarchical clustering to identify the cell populations.
population flowMeans  flowMeans uses K-means clustering a change point detection algorithm to identify cell populations.
identification flowMerge FlowMerge first uses Gaussian mixture models to identify cell subsets from the cytometry data and uses entropy-based criteria to
merge the closely related cell population.
MetaCyto MetaCyto uses a combination of hierarchical clustering and cell population labeling to identify shared cell populations across
studies.
SWIFT Swift uses a Gaussian mixture model-based clustering method to identify cell subsets, followed by splitting and merging steps to
adjust the number of clusters to identify rare subpopulations
PhenoGraph PhenoGraph first constructs a nearest neighbor graph of the single cells based on their phenotypic similarity and then partition the
graph into clusters using a community detection algorithm.
Supervised methods ~ LDA for The method train a linear discriminant analysis (LDA) classifier to identify cell populations
for cell population cytometry
identification data
DGCyTOF DGCyTOF trains a deep learning model to identify cell populations. A feedback loop is included to adjust between new and
unknown cell populations.
DeepCyTOF  DeepCyTOF trains a deep learning model to identify cell populations. DeepCyTOF includes a calibration step to adjust for batch
effects between datasets.
Sample classification  CITRUS CITRUS uses hierarchical clustering to identify a large number of small cell subsets from cytometry data and uses a LASSO model
using cell subset to predict clinical outcomes.
information FloReMi FloReMi is a pipeline for data preprocessing, cell subset identification, feature selection, and predictive modeling of cytometry
data. FloReMi uses a Random Forest model to predict clinical outcomes using cell subset information.
Sample classification  CellCNN CellCNN adopted a convolutional neural network structure to predict clinical or biological outcomes directly using single-cell data
using single-cell data from cytometry experiments.
Deep CNN  The Deep CNN model uses a convolutional neural network structure to predict clinical or biological outcomes directly using single-

cell data from cytometry experiments. The model includes a higher number of internal layers, allowing the model to better capture

the complex interactions between cell marks in the cytometry data.

criteria to merge the closely related cell population. The
PhenoGraph first constructs a nearest neighbor graph of the
single cells based on their phenotypic similarity and then
partition the graph into clusters using an efficient community
detection algorithm (33, 34).

There are advantages of applying unsupervised methods to
enumerate cell populations in high-dimensional space in an
unbiased fashion, which is not possible using the manual gating
approaches. The methods also make it possible to automate the
identification of cell populations with minimal input from humans.
At the same time, the unsupervised methods face multiple
challenges. First, identified cell populations are computed without
any prior knowledge and are not directly interpretable. Researchers
often need to manually inspect the expression of different markers
to determine the cell population identity. Second, many
unsupervised methods tend to ignore rare cell populations. A
potential solution is to conduct multiple rounds of clustering to
identify small cell subsets within the major cell populations. Finally,
most unsupervised methods can only be applied to data from a
single experiment. Cell populations identified from different
datasets are often not directly comparable with each other. If
possible, researchers should try to combine the datasets using
batch correction methods, such as cytoNorm (7), before applying

the unsupervised machine-learning methods. Alternatively,
researchers could use adaptive methods, such as MetaCyto (11),
to identify the same set of cell populations from different datasets
while taking the batch effects from each dataset before merging
multiple datasets from different sources.

Supervised Machine Learning Methods for
Cell-Type Identification

A supervised machine learning method learns a classifier from
training datasets, which consists of cytometry data and the
manually annotated cell-type information. The learned
classifier can then be applied to annotate new cytometry
datasets (Figure 1B). One study uses a linear discriminant
analysis (LDA) classifier to annotate the cell types in CyTOF
data (35). Other studies used neural network models for cell
annotation, including DGCyTOF and DeepCyTOF. DGCyTOF
designed a customized neural network model to adjust between
new and unknown cell populations via a feedback loop, which
reduces the rate of error in the identification of cell types (36).
The DeepCyTOF includes a calibration step to adjust for batch
effects between datasets, allowing the trained model to be applied
to multiple datasets (37).
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While compared to unsupervised methods, the supervised
methods allow researchers to guide the cell type annotation by
providing training labels. In addition, it is possible to train the
supervised models using heterogeneous datasets, thus improving
the generalizability of the models. On the other hand, the quality
of the supervised models depends on the human-provided labels
and can potentially mirror the human bias. The supervised
models can only identify known cell types that have been
annotated by humans. Therefore, a combination of supervised

and unsupervised methods should be used to identify known cell
populations, as well as to discover novel cell subsets.

MACHINE LEARNING METHODS
FOR SAMPLE CLASSIFICATION

Cytometry is widely used to identify biomarkers that can be used for
disease diagnosis or prognosis. Previous studies have reported the
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use of cytometry in diagnosing multiple types of diseases, including
leukemia, allergies, and infectious diseases (38-40). Cytometry can
also be used to predict other types of clinical outcomes, such as the
response to vaccination and to cancer immune-therapies (41, 42).
Multiple machine learning methods have been developed to predict
clinical or biological outcomes by classifying the cytometry sample
into groups (Table 1), such as health vs. disease, responders vs non-
responders, and more. Similar approaches can also be used to
predict continuous outcomes using regress models.

Sample Classification Using Cell

Subset Information

In most studies, biomarker discovery and predictive modeling are
downstream steps to the cell-type annotation step in the cytometry
data analysis pipeline. The summary statistics of the cell
populations, including their abundance and their median or
mean marker intensities, can be used as features to classify the
cytometry samples (Figure 1C). Many studies directly apply
machine learning models to the cell population information, such
as logistic regression, random forest, and gradient boosted trees
(43-46). Pipelines and applications have also been developed for
cytometry data. E.g., CITRUS applies an unsupervised hierarchical
clustering method to identify a large number of small cell subsets.
CITRUS then uses the Least Absolute Shrinkage and Selection
Operator (LASSO) model to predict outcomes of interest from the
cell subset information (17). The L1-regularization of the LASSO
model allows researchers to identify the most informative cell subset
information for prediction. FloReMi is a pipeline developed from
the FlowCAP IV challenge to predict the time until progression to
AIDS for HIV patients using cytometry data but could be easily
adapted for other prediction problems (18). The pipeline contains
multiple steps for predictive modeling using cytometry data,
including data preprocessing, cell subset identification, feature
selection, and predictive modeling.

Predictive modeling using cell subset information is highly
intuitive and interpretable. Researchers can easily identify the
most predictive cell types associated with the outcome of interest.
The approach is straightforward to implement. Generic machine
learning models can be directly applied to the cell subset
information. However, the approach faces several challenges.
First, the cell-subset identification step is disconnected from the
latter predictive modeling step. Therefore, the identified cell
subsets are often not optimized for identifying cell populations
that are most associated with the outcome of interest. For
example, the cell type identification process may miss rare cell
populations that are key to disease prognosis. Second, the
original cytometry data are reduced to summary statistics of
cell subsets, potentially leading to the loss of important
information such as the correlation between cell markers and
the distribution of marker expression within each cell subset.
Third, the approach requires all samples to be clustered in the
same way, making it sensitive to batch effects and the choice of
clustering methods. Finally, the approach may fail to detect
cellular changes that do not lead to distinct cell populations,
such as the continuous up-regulation of CTLA-4 in T cells in
response to varying degrees of stimulation.

Predictive Modeling Using Single-Cell Data
Several studies have used a different approach for predictive
modeling. Instead of using cell subset information, machine
learning models can be directly applied to the single-cell level
cytometry data to predict outcomes (Figure 1D). The input of the
model is the protein marker profiles of randomly ordered cells from
a cytometry sample; the output of the model is the clinical or
biological outcome associated with the cytometry sample.

Most commonly used supervised models require the input to be
a single vector offeatures, such as logistic regression, random forest,
and gradient boosted trees. Because cytometry data is a collection of
randomly ordered single-cell profiles, it is challenging to build
predictive models using these supervised learning methods.
Researchers thus turn to neural network models, which have been
proven to be highly flexible for handling a wide range of structured
and unstructured data as inputs.

CellCNN is the first neural network designed to predict
outcomes using single-cell level data (19). CellICNN adopted a
convolutional neural network structure and used a set of filters to
extract information from the single cells. The cell-level
information is summarized into sample-level information by
taking the mean or maximum across all cells. The sample level
information is then associated with outcomes using dense neural
network layers. Another study designed a similar convolutional
neural network model with a larger number of internal layers,
allowing the model to better capture the complex interactions
between cell marks in the cytometry data (20).

This approach directly uses the single-cell level cytometry data,
circumventing the cell-type identification step. Thus, the approach
avoids information loss in the cell gating step. The neural network
models can be directly applied to raw cytometry data and predict
outcomes in an end-to-end fashion, making it easy to optimize the
prediction pipeline globally. In addition, it is possible to train the
supervised models using heterogeneous datasets, thus improving
the generalizability of the models. On the other hand, this approach
faces several challenges. First, the approach is computationally
expensive, as it uses single-cell level data and deep neural
networks. Second, the models are less intuitive and do not
directly allow researchers to identify cell types that are associated
with clinical outcomes. Flow-up analysis needs to be conducted to
interpret the model and identify cell subsets as biomarkers.

RESOURCES FOR DEVELOPING
MACHINE LEARNING MODELS

Publically available cytometry data are valuable resources for
developing, validating, and evaluating machine learning models
for cytometry data analysis. Most of the machine learning tools
mentioned above have either been developed using publicly
available datasets or applied to public datasets for validation and
evaluation. Researchers are able to improve the generalizability of
the methods by testing the machine learning models using
heterogenous cytometry datasets.

ImmPort is a data repository for sharing clinical and basic
research data from immunology-related studies (47). As of Sep
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2021, 495 studies are shared on Immport. Among them, 185
studies contain flow cytometry data or CyTOF data. As one of
the oldest available immunological databases, InmPort shares a
variety of data types, including clinical data, protocols,
sequencing data, cytokine profiles, antibody titers, and many
more, to thousands of researchers every year. These rich datasets
provide a valuable opportunity for researchers to develop and
test machine learning models that are capable of predicting
clinical or biological outcomes using cytometry data. In
addition, ImmPort shares the cell-gating results provided by
the authors of the datasets, allowing researchers to benchmark
the performance of cell-population identification methods by
comparing the results with manual-gating results.

FLowRepository is a database specifically designed for sharing
cytometry data (48). As of Sep 2021, FLowRepository contains
1375 cytometry datasets and their associated metadata.
FlowRepository evaluates the datasets based on the Minimum
Information about a Flow Cytometry Experiment (MIFlowCyt)
standard (49) and assigns a MIFlowCyt score for each dataset,
allowing researchers to select a cytometry dataset based on the
completeness of metadata. FlowRespository also hosts several
datasets used by the FlowCAP challenges, which were established
to compare the performance of computational methods on cell
population identification and sample classifications (50). As the
performance of many existing methods has been assessed using
the FlowCAP datasets, researchers can use the FlowCAP datasets
to benchmark the performance of new machine learning
methods against the existing methods.

While a large number of cytometry datasets are publicly
available, several challenges exist for researchers to apply
machine learning methods to these datasets. First, the
metadata of the datasets is not standardized, including the use
of non-standardized names for protein markers, sample types,
experimental conditions, and disease states. Data harmonization
and standardization efforts are needed to unify the metadata
across studies. Second, the cytometry data from different studies
are highly heterogeneous, with differences in antibody panels,
fluorophore combinations, cytometer instruments, and sample
processing protocols. Thus, novel machine learning techniques
are needed to make the models robust to these heterogeneities.
Finally, only a small percentage of cytometry datasets are shared
publicly. There are still only a few thousand cytometry datasets
being publicly available, a number that is much smaller than the
shared number of transcriptomics data (160010 transcriptomics
datasets are available on GEO as of Sep 12, 2021). This is partially
due to the fact that journals and funding agencies do not
mandate the sharing of cytometry data, and partially due to
the community’s lack of enthusiasm in repurposing the shared

REFERENCES

1. Fulwyler MJ. Electronic Separation of Biological Cells by Volume. Science
(1965) 150:910-1. doi: 10.1126/science.150.3698.910

2. Gray JW, Carrano AV, Steinmetz LL, Van Dilla MA, Moore DH, Mayall BH,
et al. Chromosome Measurement and Sorting by Flow Systems. Proc Natl
Acad Sci USA (1975) 72:1231-4. doi: 10.1073/pnas.72.4.1231

cytometry data. Thus, all shareholders, including researchers,
journals, funding agencies, and private companies, should work
together to promote the availability and utility of publicly
available cytometry data.

CONCLUDING REMARKS
AND FUTURE DIRECTIONS

Many machine learning-based methods have been developed for
analyzing cytometry data. The machine learning models have
been primarily used to annotate cell populations and to classify
the cytometry samples. Early studies have used relatively simple
machine learning models to automate specific steps in the
cytometry data analysis pipeline while several recent studies
have started to implement complex deep learning models to
perform predictive modeling in an end-to-end fashion. While
existing machine learning models allow researchers to analyze
cytometry data with greater accuracy and speed, many challenges
remain to be solved. First, most machine learning models were
designed to analyze data from a single study. More robust
machine learning models are needed to enable the analysis of
heterogeneous datasets. Second, the current machine learning
models fail to incorporate existing biological knowledge into the
cytometry analysis. Novel machine learning models, such as
transfer learning models, could potentially be used to improve
cytometry data analysis. Finally, the results from many machine
learning methods are difficult to interpret. New model
interpretation methods are needed to allow researchers to
understand the machine learning results and to extract
biological insights from the model. At the same time, the
whole community should work together to promote the
availability and standardization of publicly available cytometry
data, providing richer resources for developing new machine
learning models.

AUTHOR CONTRIBUTIONS

ZH formulated the original idea and reviewed the manuscript. SB
contributed to the design of the review. SB and AB reviewed the
manuscript. All authors contributed to the article and approved
the submitted version.

FUNDING

This work was supported by the National Institute of Allergy and
Infectious Diseases ImmPort contract HHSN316201200036W
(to AB) and research grant UH2 AI153016 (to ZH).

3. Bandura DR, Baranov VI, Ornatsky OI, Antonov A, Kinach R, Lou X, et al.
Mass Cytometry: Technique for Real Time Single Cell Multitarget
Immunoassay Based on Inductively Coupled Plasma Time-Of-Flight
Mass Spectrometry. Anal Chem (2009) 81:6813-22. doi: 10.1021/
ac901049w

4. Bendall SC, Simonds EF, Qiu P, Amir ED, Krutzik PO, Finck R, et al. Single-
Cell Mass Cytometry of Differential Immune and Drug Responses Across a

Frontiers in Immunology | www.frontiersin.org

January 2022 | Volume 12 | Article 787574


https://doi.org/10.1126/science.150.3698.910
https://doi.org/10.1073/pnas.72.4.1231
https://doi.org/10.1021/ac901049w
https://doi.org/10.1021/ac901049w
https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles

Hu et al.

Machine Learning for Cytometry Data

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Human Hematopoietic Continuum. Science (2011) 332:687-96. doi: 10.1126/
science.1198704

. Monaco G, Chen H, Poidinger M, Chen ], de Magalhaes JP, Larbi A. flowAl

Automatic and Interactive Anomaly Discerning Tools for Flow Cytometry Data.
Bioinformatics (Oxf Engl) (2016) 32:2473-80. doi: 10.1093/bioinformatics/btw191

. Schuyler RP, Jackson C, Garcia-Perez JE, Baxter RM, Ogolla S, Rochford R,

et al. Minimizing Batch Effects in Mass Cytometry Data. Front Immunol
(2019) 10:2367. doi: 10.3389/fimmu.2019.02367

. Gassen SV, Gaudilliere B, Angst MS, Saeys Y, Aghaeepour N. CytoNorm: A

Normalization Algorithm for Cytometry Data. Cytometry A (2020) 97:268—
78. doi: 10.1002/cyto.a.23904

. Amir ED, Davis KL, Tadmor MD, Simonds EF, Levine JH, Bendall SC, et al.

viSNE Enables Visualization of High Dimensional Single-Cell Data and
Reveals Phenotypic Heterogeneity of Leukemia. Nat Biotechnol (2013)
31:545-52. doi: 10.1038/nbt.2594

. Becht E, McInnes L, Healy J, Dutertre C-A, Kwok IWH, Ng LG, et al.

Dimensionality Reduction for Visualizing Single-Cell Data Using UMAP. Nat
Biotechnol (2019) 37:38-44. doi: 10.1038/nbt.4314

Qiu P, Simonds EF, Bendall SC, Gibbs KD, Bruggner RV, Linderman MD,
et al. Extracting a Cellular Hierarchy From High-Dimensional Cytometry
Data With SPADE. Nat Biotechnol (2011) 29:886-91. doi: 10.1038/nbt.1991
Hu Z, Jujjavarapu C, Hughey JJ, Andorf S, Lee H-C, Gherardini PF, et al.
MetaCyto: A Tool for Automated Meta-Analysis of Mass and Flow Cytometry
Data. Cell Rep (2018) 24:1377-88. doi: 10.1016/j.celrep.2018.07.003
Mosmann TR, Naim I, Rebhahn J, Datta S, Cavenaugh JS, Weaver JM, et al.
SWIFT-Scalable Clustering for Automated Identification of Rare Cell
Populations in Large, High-Dimensional Flow Cytometry Datasets, Part 2:
Biological Evaluation. Cytom Part J Int Soc Anal Cytol (2014) 85:422-33.
doi: 10.1002/cyto.a.22445

Finak G, Bashashati A, Brinkman R, Gottardo R. Merging Mixture
Components for Cell Population Identification in Flow Cytometry. Adv
Bioinformatics (2009). doi: 10.1155/2009/247646

Aghaeepour N, Nikolic R, Hoos HH, Brinkman RR. Rapid Cell Population
Identification in Flow Cytometry Data. Cytom Part ] Int Soc Anal Cytol (2011)
79:6-13. doi: 10.1002/cyto.a.21007

Van Gassen S, Callebaut B, Van Helden MJ, Lambrecht BN, Demeester P,
Dhaene T, et al. FlowSOM: Using Self-Organizing Maps for Visualization and
Interpretation of Cytometry Data. Cytom Part J Int Soc Anal Cytol (2015)
87:636-45. doi: 10.1002/cyto.a.22625

Dorfman DM, LaPlante CD, Li B. FLOCK Cluster Analysis of Plasma Cell
Flow Cytometry Data Predicts Bone Marrow Involvement by Plasma Cell
Neoplasia. Leuk Res (2016) 48:40-5. doi: 10.1016/j.leukres.2016.07.003
Bruggner RV, Bodenmiller B, Dill DL, Tibshirani R, Nolan GP. Automated
Identification of Stratifying Signatures in Cellular Subpopulations. Proc Natl
Acad Sci USA (2014) 111:E2770-7. doi: 10.1073/pnas.1408792111

Van Gassen S, Vens C, Dhaene T, Lambrecht BN, Saeys Y. FloReMi: Flow
Density Survival Regression Using Minimal Feature Redundancy. Cytom Part
J Int Soc Anal Cytol (2016) 89:22-9. doi: 10.1002/cyto.a.22734

Sensitive Detection of Rare Disease-Associated Cell Subsets via Representation
Learning | Nature Communications . Available at: https://www.nature.com/
articles/ncomms14825 (Accessed September 13, 2021).

Hu Z, Tang A, Singh ], Bhattacharya S, Butte AJ. A Robust and Interpretable
End-to-End Deep Learning Model for Cytometry Data. Proc Natl Acad Sci
(2020) 117:21373-80. doi: 10.1073/pnas.2003026117

Sohail A, Arif F. Supervised and Unsupervised Algorithms for Bioinformatics
and Data Science. Prog Biophys Mol Biol (2020) 151:14-22. doi: 10.1016/
j.pbiomolbio.2019.11.012

Shin J, Berg DA, Zhu Y, Shin JY, Song J, Bonaguidi MA, et al. Single-Cell
RNA-Seq With Waterfall Reveals Molecular Cascades Underlying Adult
Neurogenesis. Cell Stem Cell (2015) 17:360-72. doi: 10.1016/j.stem.
2015.07.013

Miller BC, Sen DR, Al Abosy R, Bi K, Virkud YV, LaFleur MW, et al. Subsets
of Exhausted CD8+ T Cells Differentially Mediate Tumor Control and
Respond to Checkpoint Blockade. Nat Immunol (2019) 20:326-36.
doi: 10.1038/541590-019-0312-6

Pearson K. LIII. On Lines and Planes of Closest Fit to Systems of Points in
Space. Lond Edinb Dublin Philos Mag ] Sci (1901) 2:559-72. doi: 10.1080/
14786440109462720

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

37.

38.

39.

40.

41.

42.

43.

44.

Van Der Maaten L. Accelerating T-SNE Using Tree-Based Algorithms. ] Mach
Learn Res (2014) 15:3221-45.

Ding J, Condon A, Shah SP. Interpretable Dimensionality Reduction of Single
Cell Transcriptome Data With Deep Generative Models. Nat Commun (2018)
9:2002. doi: 10.1038/s41467-018-04368-5

Abdi H, Abdi H. Metric Multidimensional Scaling (MDS): Analyzing Distance
Matrices. Encyclopedia of Measurement and Statistics. (2009) pp.1-13.
Available at: http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.220.2654.
Mclnnes L, Healy ], Melville J. UMAP: Uniform Manifold Approximation and
Projection for Dimension Reduction. ArXiv180203426 Cs Stat (2020). Available
at: http://arxiv.org/abs/1802.03426 (Accessed December 8, 2021).
Schulte-Schrepping J, Reusch N, Paclik D, Bafiler K, Schlickeiser S, Zhang B,
et al. Severe COVID-19 Is Marked by a Dysregulated Myeloid Cell
Compartment. Cell (2020) 182:1419-1440.e23. doi: 10.1016/j.cell.2020.08.001
Wang W, Su B, Pang L, Qiao L, Feng Y, Ouyang Y, et al. High-Dimensional
Immune Profiling by Mass Cytometry Revealed Immunosuppression and
Dysfunction of Immunity in COVID-19 Patients. Cell Mol Immunol (2020)
17:650-2. doi: 10.1038/s41423-020-0447-2

Jiao S, Subudhi SK, Aparicio A, Ge Z, Guan B, Miura Y, et al. Differences in
Tumor Microenvironment Dictate T Helper Lineage Polarization and
Response to Immune Checkpoint Therapy. Cell (2019) 179:1177-1190.e13.
doi: 10.1016/j.cell.2019.10.029

Campello RJ, Moulavi D, Sander J. Density-Based Clustering Based on
Hierarchical Density Estimates. In: Pacific-Asia Conference on Knowledge
Discovery and Data Mining. Berlin, Heidelberg: Springer (2013). p. 160-72.
doi: 10.1007/978-3-642-37456-2_14

Levine JH, Simonds EF, Bendall SC, Davis KL, Amir ED, Tadmor MD, et al.
Data-Driven Phenotypic Dissection of AML Reveals Progenitor-Like Cells
That Correlate With Prognosis. Cell (2015) 162:184-97. doi: 10.1016/
j.cell.2015.05.047

Blondel VD, Guillaume J-L, Lambiotte R, Lefebvre E. Fast Unfolding of
Communities in Large Networks. ] Stat Mech Theory Exp (2008) 2008:P10008.
doi: 10.1088/1742-5468/2008/10/P10008

Abdelaal T, van Unen V, Hollt T, Koning F, Reinders MJT, Mahfouz A.
Predicting Cell Populations in Single Cell Mass Cytometry Data. Cytom Part |
Int Soc Anal Cytol (2019) 95:769-81. doi: 10.1002/cyto.a.23738

. Cheng L, Karkhanis P, Gokbag B, Li L. DGCyTOF: Deep Learning With

Graphic Cluster Visualization to Predict Cell Types of Single Cell Mass
Cytometry Data. bioRxiv (2021). doi: 10.1101/2021.03.18.436021

Li H, Shaham U, Stanton KP, Yao Y, Montgomery RR, Kluger Y. Gating Mass
Cytometry Data by Deep Learning. Bioinformatics (2017) 33:3423-30.
doi: 10.1093/bioinformatics/btx448

Ocmant A, Peignois Y, Mulier S, Hanssens L, Michils A, Schandene L. Flow
Cytometry for Basophil Activation Markers: The Measurement of CD203c
Up-Regulation Is as Reliable as CD63 Expression in the Diagnosis of
Cat Allergy. ] Immunol Methods (2007) 320:40-8. doi: 10.1016/j.jim.
2006.12.002

Farias MG, de Lucena NP, Dal B6 S, de Castro SM. Neutrophil CD64
Expression as an Important Diagnostic Marker of Infection and Sepsis in
Hospital Patients. J Immunol Methods (2014) 414:65-8. doi: 10.1016/
1,jim.2014.07.011

Rawstron AC, Kreuzer K-A, Soosapilla A, Spacek M, Stehlikova O, Gambell P,
et al. Reproducible Diagnosis of Chronic Lymphocytic Leukemia by Flow
Cytometry: An European Research Initiative on CLL (ERIC) & European
Society for Clinical Cell Analysis (ESCCA) Harmonisation Project. Cytometry
B Clin Cytom (2018) 94:121-8. doi: 10.1002/cyto.b.21595

Spitzer MH, Carmi Y, Reticker-Flynn NE, Kwek SS, Madhireddy D, Martins
MM, et al. Systemic Immunity Is Required for Effective Cancer
Immunotherapy. Cell (2017) 168:487-502.e15. doi: 10.1016/j.cell.2016.12.022
Systems Biology of Vaccination for Seasonal Influenza in Humans | Nature
Immunology. Available at: https://www.nature.com/articles/ni.2067 (Accessed
September 13, 2021).

Teh CE, Gong J-N, Segal D, Tan T, Vandenberg CJ, Fedele PL, et al. Deep
Profiling of Apoptotic Pathways With Mass Cytometry Identifies a Synergistic
Drug Combination for Killing Myeloma Cells. Cell Death Differ (2020)
27:2217-33. doi: 10.1038/s41418-020-0498-z

Seiler C, Ferreira A-M, Kronstad LM, Simpson LJ, Le Gars M, Vendrame E,
et al. CytoGLMM: Conditional Differential Analysis for Flow and Mass

Frontiers in Immunology | www.frontiersin.org

January 2022 | Volume 12 | Article 787574


https://doi.org/10.1126/science.1198704
https://doi.org/10.1126/science.1198704
https://doi.org/10.1093/bioinformatics/btw191
https://doi.org/10.3389/fimmu.2019.02367
https://doi.org/10.1002/cyto.a.23904
https://doi.org/10.1038/nbt.2594
https://doi.org/10.1038/nbt.4314
https://doi.org/10.1038/nbt.1991
https://doi.org/10.1016/j.celrep.2018.07.003
https://doi.org/10.1002/cyto.a.22445
https://doi.org/10.1155/2009/247646
https://doi.org/10.1002/cyto.a.21007
https://doi.org/10.1002/cyto.a.22625
https://doi.org/10.1016/j.leukres.2016.07.003
https://doi.org/10.1073/pnas.1408792111
https://doi.org/10.1002/cyto.a.22734
https://www.nature.com/articles/ncomms14825
https://www.nature.com/articles/ncomms14825
https://doi.org/10.1073/pnas.2003026117
https://doi.org/10.1016/j.pbiomolbio.2019.11.012
https://doi.org/10.1016/j.pbiomolbio.2019.11.012
https://doi.org/10.1016/j.stem.2015.07.013
https://doi.org/10.1016/j.stem.2015.07.013
https://doi.org/10.1038/s41590-019-0312-6
https://doi.org/10.1080/14786440109462720
https://doi.org/10.1080/14786440109462720
https://doi.org/10.1038/s41467-018-04368-5
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.220.2654
http://arxiv.org/abs/1802.03426
https://doi.org/10.1016/j.cell.2020.08.001
https://doi.org/10.1038/s41423-020-0447-2
https://doi.org/10.1016/j.cell.2019.10.029
https://doi.org/10.1007/978-3-642-37456-2_14
https://doi.org/10.1016/j.cell.2015.05.047
https://doi.org/10.1016/j.cell.2015.05.047
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1002/cyto.a.23738
https://doi.org/10.1101/2021.03.18.436021
https://doi.org/10.1093/bioinformatics/btx448
https://doi.org/10.1016/j.jim.2006.12.002
https://doi.org/10.1016/j.jim.2006.12.002
https://doi.org/10.1016/j.jim.2014.07.011
https://doi.org/10.1016/j.jim.2014.07.011
https://doi.org/10.1002/cyto.b.21595
https://doi.org/10.1016/j.cell.2016.12.022
https://www.nature.com/articles/ni.2067
https://doi.org/10.1038/s41418-020-0498-z
https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles

Hu et al.

Machine Learning for Cytometry Data

Cytometry Experiments. BMC Bioinf (2021) 22:137. doi: 10.1186/5s12859-021-
04067-x

45. Manninen T, Huttunen H, Ruusuvuori P, Nykter M. Leukemia Prediction
Using Sparse Logistic Regression. PloS One (2013) 8:¢72932. doi: 10.1371/
journal.pone.0072932

46. Stoya G, Gruhn B, Vogelsang H, Baumann E, Linss W. Flow Cytometry as a
Diagnostic Tool for Hereditary Spherocytosis. Acta Haematol (2006) 116:186—
91. doi: 10.1159/000094679

47. Bhattacharya S, Dunn P, Thomas CG, Smith B, Schaefer H, Chen J, et al.
ImmPort, Toward Repurposing of Open Access Immunological Assay Data
for Translational and Clinical Research. Sci Data (2018) 5:180015.
doi: 10.1038/sdata.2018.15

48. Spidlen J, Breuer K, Rosenberg C, Kotecha N, Brinkman RR. FlowRepository:
A Resource of Annotated Flow Cytometry Datasets Associated With Peer-
Reviewed Publications. Cytometry A (2012) 81A:727-31. doi: 10.1002/
cyto.a.22106

49. LeeJA, Spidlen J, Boyce K, Cai ], Crosbie N, Dalphin M, et al. MIFlowCyt: The
Minimum Information About a Flow Cytometry Experiment. Cytom Part |
Int Soc Anal Cytol (2008) 73:926-30. doi: 10.1002/cyto.a.20623

50. Aghaeepour N, Finak G, Hoos H, Mosmann TR, Brinkman R, Gottardo R,
et al. Critical Assessment of Automated Flow Cytometry Data Analysis
Techniques. Nat Methods (2013) 10:228-38. doi: 10.1038/nmeth.2365

Author Disclaimer: The content is solely the responsibility of the authors and does
not necessarily represent the official views of the National Institutes of Health.

Conflict of Interest: AB is a co-founder and consultant to Personalis and
NuMedii; consultant to Samsung, Mango Tree Corporation, and in the recent
past, 10x Genomics, Helix, Pathway Genomics, and Verinata (Illumina); has
served on paid advisory panels or boards for Geisinger Health, Regenstrief
Institute, Gerson Lehman Group, AlphaSights, Covance, Novartis, Genentech,
and Merck, and Roche; is a shareholder in Personalis and NuMedii; is a minor

shareholder in Apple, Facebook, Google, Microsoft, Sarepta, 10x Genomics,
Amazon, Biogen, CVS, Illumina, Snap, Nuna Health, Assay Depot, Vet24seven,
Regeneron, Moderna, and Sutro, and several other non-health related companies
and mutual funds; and has received honoraria and travel reimbursement for
invited talks from Genentech, Takeda, Varian, Roche, Pfizer, Merck, Lilly, Mars,
Siemens, Optum, Abbott, Celgene, AstraZeneca, AbbVie, Johnson and Johnson,
Westat, and many academic institutions, state or national agencies, medical or
disease specific foundations and associations, and health systems. AB receives
royalty payments through Stanford University, for several patents and other
disclosures licensed to NuMedii and Personalis. AB’s research has been funded
by NIH, Robert Wood Johnson Foundation, Peraton (formally known as
Northrop Grumman) as the prime on an NIH contract, Genentech, Johnson
and Johnson, FDA, the Leon Lowenstein Foundation, the Intervalien Foundation,
Priscilla Chan and Mark Zuckerberg, the Barbara and Gerson Bakar Foundation,
and in the recent past, the March of Dimes, Juvenile Diabetes Research
Foundation, California Governor’s Office of Planning and Research, California
Institute for Regenerative Medicine, L’Oreal, and Progenity. SB and ZH are funded
by ImmPort (under UCSF subcontract with Peraton). ZH is the author of
MetaCyto and deep CNN for cytometry data analysis.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 Hu, Bhattacharya and Butte. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice. No
use, distribution or reproduction is permitted which does not comply with these terms.

Frontiers in Immunology | www.frontiersin.org

January 2022 | Volume 12 | Article 787574


https://doi.org/10.1186/s12859-021-04067-x
https://doi.org/10.1186/s12859-021-04067-x
https://doi.org/10.1371/journal.pone.0072932
https://doi.org/10.1371/journal.pone.0072932
https://doi.org/10.1159/000094679
https://doi.org/10.1038/sdata.2018.15
https://doi.org/10.1002/cyto.a.22106
https://doi.org/10.1002/cyto.a.22106
https://doi.org/10.1002/cyto.a.20623
https://doi.org/10.1038/nmeth.2365
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles

	Application of Machine Learning for Cytometry Data
	Introduction
	Machine Learning Methods for Dimensionality Reduction
	Machine Learning Methods for Cell Population Identification
	Unsupervised Machine Learning Methods for Cell-Type Identification
	Supervised Machine Learning Methods for Cell-Type Identification

	Machine Learning Methods for Sample Classification
	Sample Classification Using Cell Subset Information
	Predictive Modeling Using Single-Cell Data

	Resources for Developing Machine Learning Models
	Concluding Remarks and Future Directions
	Author Contributions
	Funding
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


