
RchyOptimyx: Cellular Hierarchy Optimization for Flow

Cytometry

Nima Aghaeepour,1 Adrin Jalali,1 Kieran O’Neill,1 Pratip K. Chattopadhyay,2

Mario Roederer,2 Holger H. Hoos,3 Ryan R. Brinkman1,4*

� Abstract
Analysis of high-dimensional flow cytometry datasets can reveal novel cell populations
with poorly understood biology. Following discovery, characterization of these popula-
tions in terms of the critical markers involved is an important step, as this can help to
both better understand the biology of these populations and aid in designing simpler
marker panels to identify them on simpler instruments and with fewer reagents (i.e., in
resource poor or highly regulated clinical settings). However, current tools to design
panels based on the biological characteristics of the target cell populations work exclu-
sively based on technical parameters (e.g., instrument configurations, spectral overlap,
and reagent availability). To address this shortcoming, we developed RchyOptimyx (cel-
lular hieraRCHY OPTIMization), a computational tool that constructs cellular hierar-
chies by combining automated gating with dynamic programming and graph theory to
provide the best gating strategies to identify a target population to a desired level of pu-
rity or correlation with a clinical outcome, using the simplest possible marker panels.
RchyOptimyx can assess and graphically present the trade-offs between marker choice
and population specificity in high-dimensional flow or mass cytometry datasets. We
present three proof-of-concept use cases for RchyOptimyx that involve 1) designing a
panel of surface markers for identification of rare populations that are primarily charac-
terized using their intracellular signature; 2) simplifying the gating strategy for identifi-
cation of a target cell population; 3) identification of a non-redundant marker set to
identify a target cell population. ' 2012 International Society for Advancement of Cytometry

� Key terms
polychromatic flow cytometry; mass cytometry; exploratory data analysis; cellular hier-
archy; graph theory; gating; marker panel; bioinformatics; statistics

RECENT advances in FCM instrumentation and reagents have enabled high-dimen-

sional analyses to identify large numbers of cell populations with potentially signifi-

cant correlations to an external outcome. However, studies often fail to characterize

the complex relationships between the markers involved in the identification of these

cell populations. Revealing this information can provide additional insight into the

biological characteristics of the populations identified. The choice of markers for

new panels has been a source of ongoing debate, including efforts such as the Human

ImmunoPhenotyping Consortium (HIPC), the Federation of Clinical Immunology

Societies Federation of Clinical Immunology Societies (FOCiS) sponsored Flow

Immunophenotyping Technical Meetings (FITMaN), and the Optimized Multicolor

Immunophenotyping Panels (OMIPs) articles (1–12). Understanding the relation-

ships between the markers involved in identification of the target cell population and

the characteristics of that cell population (e.g., its correlation with a clinical out-

come) is fundamental to the design of effective marker panels. For example, one

could use a high-dimensional flow or mass cytometry assay to measure a large list of

candidate markers. However, this can result in parsing the cells into (e.g., clinically)

redundant subsets (13). Excluding these redundancies (e.g., markers less important
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for prediction of a clinical outcome) will result in a panel of

the most clinically relevant markers.

High-dimensional FCM data is usually analyzed using a

laborious sequential manual analysis procedure in which a

series of thresholds or two-dimensional polygons (or gates)

are applied to histograms or scatter plots of markers [e.g.,

(14,15)]. However, manual gates provide little insight into the

relative importance of each gate to the final results. For exam-

ple, consider a six color assay with markers named 1–6. If the

expression of each marker is considered to be on, off, or does

not matter (e.g., markers named 1, 2, and 3 in phenotype

1122, respectively), a total of 36 5 729 cell populations can be

distinguished based on these markers. A given immunopheno-

type involving all six of these markers (e.g., 112231425162)

can have 26 5 64 parent populations (e.g., 11, 1122). Quanti-

fying the relationship between the cell population of interest

and these parent populations is fundamental to our under-

standing of the importance of the markers for different gating

strategies. The order in which the gates are applied to the data

is not important, as long as all of the gates are used (i.e.,

sequential gating is commutative). However, to decrease the

size of the marker panel, the relative importance of the gates

should be determined. For example, the measurement of the

phenotype mentioned above using only five colors requires

the determination of the importance of each marker to iden-

tify and remove the least important one (i.e., the identification

of the parent population with five markers that is most similar

to the original phenotype). This is further complicated by the

fact that some cell populations can be identified using more

than one combination of markers and gating strategy; there-

fore, each marker can be used in different positions in the gat-

ing hierarchy and can have different priorities, depending on

the choice of the gating strategy. For example, the 31 gate is

involved in both 112231 and 314251, both parents of the

112231425162 phenotype described above. However,

depending on the amount of redundancy between marker 3

and others, this marker can have different levels of importance

for these two parent populations.

Another use-case for measuring the importance of the

markers is the investigation of a large number of closely related

phenotypes (e.g., those identified by bioinformatics pipelines)

by identifying their common parent populations. Several com-

putational tools have been developed for automated identifica-

tion of cell populations [e.g., (16–26)] and recent studies have

used these tools to identify novel cell populations that correlate

with clinical outcomes [e.g., (27–31)]. In addition, the results

of the FlowCAP-II project1 have shown that several algorithms

can accurately and reproducibly identify cell populations cor-

related with external outcomes. However, these algorithms

provide limited information regarding the importance of the

markers involved in defining the cell populations (27,32). This

situation is even more complicated than sequential manual

gating, since most of these bioinformatics pipelines work

based on multivariate classifiers, and as a result, more than

one cell population can be responsible for the final predic-

tions. Therefore, markers can have different relative impor-

tance in defining the multiple cell populations within the

multivariate model. Quantifying the markers for each pheno-

type involved in the multivariate model can provide additional

insight into the differences between closely related cell popula-

tions. For example, if two phenotypes 1
1

22314251 and

1122314261 are identified as correlates of a disease, and if

markers 5 and 6 (which are the only differences between

them) are the least important markers for the former and lat-

ter phenotypes respectively, then these two phenotypes are

likely to correspond to the same cell population (as far as the

correlation with the disease is concerned). However, if markers

5 and 6 are the most important for the phenotypes, these can

correspond to two biologically different cell populations.

To address these problems, we developed RchyOptimyx, a

computational tool that uses dynamic programming and optimi-

zation techniques from graph theory to construct a cellular

hierarchy, providing the best gating strategies to identify target

populations to a desired level of purity or correlation with a clini-

cal outcome, using the simplest possible combination of markers.

MATERIALS AND METHODS

Our methodology builds on the flowType pipeline(27).

flowType comprehensively identifies cell populations defined

by all possible gating strategies (hierarchies) in the data set

using a partitioning strategy (e.g., clustering algorithm like

flowMeans (27)) and scores them by a statistical test (e.g., the

log rank test for difference in survival distributions). Given

the list of all cell populations and their scores, RchyOptimyx

uses a dynamic programming approach to find the best cellu-

lar hierarchy within a reasonable time for interactive data

analysis (e.g., less than 2 min for 30 color data), as well as a

number of best suboptimal hierarchies, to enable mining of

the space of best gating strategies and purities for a given tar-

get cell population.

Terms and Definitions

Let M be the set of m markers of interest (e.g., M 5

{KI–67,CD28,CD45RO}), a single marker phenotype be a

phenotype having only one marker (e.g., CD281), a pheno-

type P be a set of single marker phenotypes (e.g., P 5 KI–

671CD282), and M (not to be mistaken with M) be a pheno-

type of size m that involves all of the markers (e.g., M 5 KI–

671CD282CD45RO2). The power set of M, P(M), is of size
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2m and contains every possible subset of M. The scoring func-

tion S(.) assigns a score to each member of P(M), such that

higher values are assigned to more important phenotypes

(e.g., those with a stronger correlation with a clinical out-

come).

Given an arbitrary M, the directed acyclic graph

(DAG) GM has m 1 1 levels from 0 to m, each level i

including every member of P(M) of size i. Node s is con-

nected to node t with a directed edge (s,t) if and only if |t| 5

|s| 1 1 and the two associated sets of s and t differ only in one

single phenotype marker (i.e., t is an immediate parent of s).

Let the weight of edge (s,t) be 2S(t) (so that paths with maxi-

mum score can be found by searching for paths with mini-

mum total weight).

The node with 0 markers is the root (or source) node,

and the node with the complete set of markers is the sink

node. A path from source to sink is called a hierarchy path, or

simply a hierarchy. An example of graph GM for M 5 KI–

671CD42CCR51CD1272 is illustrated in Supporting Infor-

mation Figure S3.

The graph GM has |P(M)| 5 2m nodes, one node for each

parent phenotype of the phenotype of interest. The number of

edges is equal to the number of markers (m), times the

number of edges that have the specified marker. Each

marker appears in 2m21 nodes, therefore the number of edges

is m 3 2m21.

A scoring function is needed to find the best hierarchy.

This function should give a higher rank to hierarchies that go

through more important parent populations earlier (i.e., those

that achieve a higher clinical significance with fewer markers).

Because each node of the hierarchy is a phenotype, and each

phenotype has a given score value S(.), we use the total score

function T(.)—the sum of all negated phenotype scores in the

hierarchy—as the scoring function:

TðHÞ ¼
X

ðs;tÞ2EH
W ðs; tÞ ¼

X
ðs;tÞ2EH

�SðtÞ ¼
X

t2VHnv0

�SðtÞ ð1Þ

where H is the given hierarchy, EH is the set of edges of hierar-

chy H, VH is the set of vertices of same hierarchy, and v0 is the

first node in the hierarchy. Applying this function to GM, the

best hierarchy is the minimum weighted path in GM. We note

that, in principle, more complex functions can be used to

compute the total score of a given hierarchy; for example, in

applications in which phenotypes with fewer markers are

more important than the other phenotypes, an exponential

function can be used to increase the weight of the earlier phe-

notypes in the hierarchy.

Dynamic Programming to Identify The

Best Hierarchy

For cell populations characterized by m markers, find-

ing the best hierarchy by searching through all possible hier-

archies would require time O(m!), which is impractical for

even moderately large m. To make this problem tractable

using dynamic programming, we define best total score

function T*(.), which computes the score of the best hierar-

chy leading to the given phenotype. T*(.) is defined recur-

sively as follows:

T�ðPkÞ¼ �SðPkÞ if k ¼ 1

minfT�ðPknPk
i Þ � SðPkÞji ¼ 1; . . . ; kg otherwise

�
;

ð2Þ

where Pk is a cell population defined by k single marker phe-

notypes, and Pk\Pki is Pk with the ith single marker phenotype

removed. For example, if P3 5 KI–671CD282CD45RO1, then

P3\P3
1 5 CD282CD45RO1. In other words, there is an edge

from Pk\Pki to Pk in GM where, Pk is a subset of M. Also

note that 2S(Pk) is the weight of the edge (Pk, Pk\Pki) in GM.

Using dynamic programming, we calculate the value of T*(.),

iterating from level 0 to m on GM. Calculating each node’s

score requires a number of constant time operations equal to the

number of edges entering the node. Therefore, the total number

of operations is proportional to total number of edges (m 3

2m21), and the overall time complexity of our programming pro-

cedure for determining T*(.) values for all phenotypes in the

graph is O(m 3 2m21). An illustration of the dynamic program-

ming space for three dimensional space, that is, having three

markers, as well as two paths in that space is shown in Figure 1.

Search for Near-Optimal Hierarchies

The hierarchy selected by the dynamic programming

algorithm is the best gating strategy for a given cell popula-

tion. However, we would also like to identify alternate gating

strategies with slightly worse scores. To find these near-opti-

mal paths, we reformulate the problem as identification of a

desired number of minimum weight paths: In GM, the mini-

mum weight path from source to sink is the best hierarchy

(identical to the one generated by dynamic programming). To

generate additional, suboptimal hierarchies, a list of the next

minimum weight paths must also be generated. These paths

can be identified using the method by Eppstein (33). As noted

in the original article, elaborating the details of this algorithm

is complicated and requires substantial background in algo-

rithm design, which is well beyond the scope of this work.

Briefly, this method uses the minimum spanning tree of GM

and computes a heap structure for each node; it then merges

the heaps in an efficient way to construct a 4-heap data struc-

ture. Using this 4-heap and a given arbitrary number l (the

number of desired paths), it generates l-minimum weight

paths in time O(e 1 v 1 l) for a DAG with e edges and v

nodes [see Theorem 4 of (33) for details].

Hence, the time complexity of our algorithm can be cal-

culated based on the number of edges and nodes using the

time complexity of the l-minimum weight paths method:

Oðe þ v þ lÞ ¼ Oðm32m�1 þ 2m þ lÞ
¼ Oðm32m�1 þ 232m�1 þ lÞ
¼ Oððmþ 2Þ32m�1 þ lÞ:

ð3Þ

For example, the number of operations with our approach on

a dataset with m 5 10 markers would be � 104 compared to
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� 3 3 106 for the exhaustive search approach. Our method

therefore takes � 0.23 CPU seconds vs. � 69 CPU seconds for

exhaustive search, run under 64 bit Linux (version 3.3) on

2.93GHz Intel Xeon CPU with sufficient memory (propor-

tional to 2M). For a phenotype involving m 5 20 markers,

these numbers increase to � 1.2 CPU seconds vs. � 1011 CPU

seconds [more than 4000 years), respectively. Even for a phe-

notype involving m 5 30 markers measured by a CyTOF assay

(mass spectrometry-flow cytometry hybrid device (25,34,35)],

RchyOptimyx remains feasible, with a runtime of � 102 CPU

seconds, while the brute-force method would take � 1022

CPU seconds. The final output of RchyOptimyx is the corre-

sponding subgraph of GM that includes all calculated paths

(i.e., the optimized hierarchy, e.g., Supporting Information

Fig. S4).

DATASETS

We validated RchyOptimyx on two high-dimensional data-

sets, produced by mass and polychromatic flow cytometry.

Mass Cytometry Analysis of Bone Marrow Cells from

Normal Donors

In this dataset, 31 parameters were measured for mononu-

clear cells from a healthy human bone marrow (see Ref. 25 for

details). We used the results of three assays on samples subject to

ex vivo stimulation by IL7 (measured by pSTAT5), BCR (meas-

ured by pBLNK), and LPS (measured by p-p38) as well as an

unstimulated control. Thirteen surface markers were included in

the analysis: CD3, CD45, CD45RA, CD19, CD11b, CD4, CD8,

CD20, CD34, CD33, CD123, CD38, and CD90. Singlets were

gated manually, as described in the original publication.

Polychromatic Flow Cytometry Analysis of HIV1

Patients

This dataset consists of 13 color PFC assays of 466 HIV1

subjects enrolled in the Infectious Disease Clinical Research

Program’s HIV Natural History Study. Basic demographic

characteristics of this dataset are described elsewhere (36).

Cryopreserved peripheral blood mononuclear cells stored

within 18 months of the date of seroconversion were analyzed

using PFC as described by Ganesan et al. (37). The cohort

included 135 death/AIDS events, as defined by 1993 guidelines

(38). The date of the last follow-up or initiation of highly

active anti-retroviral therapy (HAART) was considered a cen-

soring event. CD14 and V-amine dye were used to exclude

monocytes and dead cells, respectively, CD3 was used to gate

T-cells. Using the staining panel and flowType, we enumerated

various subsets of naive and memory T-cells, defined by CD4,

CD8, CD45RO, CD27, CD28, CD57, CCR5, CCR7, CD127,

and KI-67. Using a log rank test with Bonferroni’s multiple

test correction, we scored each subset (cell population) in

terms of its correlation with HIV progression (27).

RESULTS

Designing a Panel to Detect a Population Expressing

an Intracellular Marker using Surface Markers

In this use-case, our goal was to identify cell populations

that are affected by different stimulations in the mass cytometry

Figure 1. Dynamic programming algorithm for two cell populations defined by three markers. The best path for each of the cell population

is shown in red and blue respectively. As an example, the red path ends at CD41CCR51CD1271. Three markers are available to be added.

First, CD4 is added (changes from does not matter to positive). Then two options will be available for the next step (CD127 and CCR5). After

selection of CCR5, only one option will be left for the final step (CD127). Therefore for three markers,
3�ð3�1Þ

2
5 6 comparisons were

required. Left: A hierarchy for the two paths. The label of an edge is the name of the single marker phenotype that is the difference

between its head set (s ) and its tail set (t ). Right: the dynamic programming space for the threemarkers. Black spheresmark the nodes in the

dynamic programing space used by the two paths. The colors of the nodes on the left match that of the square tori on the right and correspond

to the relative score of each cell population. [Color figure can be viewed in the online issuewhich is available atwileyonlinelibrary.com]
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dataset. We used flowType to identify a list of populations that

had a high overlap with either the IL31, BCR1, or LPS1 popu-

lations (determined manually, see Supporting Information Fig.

S6). For each cell population, this value was calculated as the

difference in its intersection with the IL31, BCR1, or LPS1

compartments between the stimulated and unstimulated sam-

ple. For example, for a given cell population CP, the overlap

with IL31 was defined as:

OverlapIL3þðCPÞ ¼ # IL3þcells in CP

# cells in CP

� �
stim

� # IL3þcells in CP

# cells in CP

� �
unstim

ð4Þ

The immunophenotypes with a high overlap, as identified by

flowType, are listed in Supporting Information Tables S1–S3.

These immunophenotypes were analyzed using RchyOptimyx

(e.g., Supporting Information Fig. S1 for BCR) and then merged

into a single graph, shown in Figure 2. This graph suggests that

T-cells (CD31) followed by cytotoxic T-cells (CD31CD41) are

the main parent populations that are affected by IL7 stimulation

(panel A). As expected, BCR stimulation affected B-cells

(CD191CD201CD32), and LPS stimulation increased the pro-

portion of CD192CD331CD32 cells (Panels B and C, respec-

tively). These results are generally consistent with those reported

in the original study (Fig. 2 and panel C of Fig. 3 of Ref. 25).

Simplifying Gating Strategies

Here, we use RchyOptimyx to demonstrate an example of

the use case of establishing a simpler combination of markers

that can be used to identify a target population at a desired

level of purity. For analysis of the PFC dataset, Ganesan et al.

used a strict, but potentially redundant definition for naive

T-cells, of CD281CD45RO2CD572CCR52CD271CCR71,

within the CD31CD142 compartment (37). The purity of a

given parent cell population (CP) of this target was defined as

its mean purity for the strictly-defined naive T-cells:

PurityðCPÞ¼P
All Samples

# CD28þCD45RO�CD57�CCR5�CD27þCCR7þ cells
# cells in CP

# Samples
ð5Þ

Figure 3 shows the results of analysis with RchyOptimyx where a

combination of only three markers (CD45RO2CCR52CCR71)

identified the strict naive T cell population to 95% purity (within

the CD31CD142 compartment). The range of available purities,

and determination of an appropriate cutoff is experiment

dependent (e.g., on the range of available markers, biological

Figure 2. Three optimized hierarchies for identification of cell populations with maximum response to IL7, BCR, and LPS measured by

pSTAT5, pBLNK, and p-p38, respectively. The color of the nodes and the thickness of the edges shows the proportion and change in pro-

portion of cells expressing the intracellular marker of interest, respectively. [Color figure can be viewed in the online issue which is avail-

able at wileyonlinelibrary.com]
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question being researched) and this result is only provided as an

example of the utility.

Characterization of a Large Number of

Immunophenotypes

Here, we use RchyOptimyx to demonstrate an example of

the use-case of summarizing a large list of immunophenotypes of

interest (as identified by a bioinformatics pipeline) into a single hi-

erarchy using their most important common parent populations.

In a previous study of the PFC dataset, we identified 101

immunophenotypes (Supporting Information Table S4) in

HIV1 patients that had a statistically significant correlation

with HIV’s progression (27). The score of each population was

calculated as 2log10(P) where P was the P-value of the logrank

test before adjustment for multiple testing (higher values

represent a stronger correlation with the clinical outcome).

The 101 immunophenotypes were analyzed using RchyOpti-

myx and the resulting hierarchies were merged into a single

graph (Fig. 4). This graph indicated three groups of immuno-

phenotypes that were significantly correlated with HIV’s out-

come (left, center, and right branches). The left branch con-

sisted of KI-671CD42CCR51CD1272 T-cells. These cells

were thought to be statistical significant mainly because they

are long-lived (CD1272) T-cells with high proliferation

(KI-671). RchyOptimyx showed that the significance of this

population is related to the KI-671CCR51 compartment and

not CD1272 (Fig. 4, the left branch) as the CD127 marker is

not needed to achieve the approximately the same score. This

is in agreement with the results of two recent studies (39,40).

Theterminal node of the center branch consisted of seven mar-

kers (CD45RO2CD81CD571CCR52CD271CCR72CD1272).

RchyOptimyx revealed that its most important parent popula-

tion is CD81CCR72CD1272, with a weaker correlation with

the clinical outcome. Finally, the right branch

(CD282CD45RO1CD42CD572 CD272CD1272) suggests

several parent populations with minimal overlap and strong

correlation with the clinical outcome (e.g.,

CD282CD42CD572CD1272 and CD45RO1 CD42CD1272).

DISCUSSION

Sequential analysis of the markers involved in manual or

automated identification of cell populations is fundamental to

our understanding of the characteristics of the cell population.

In sequential gating, the order in which the gates have been

applied does not affect the final results. However, ordering the

gates by their relative importance has two use-cases: (1) iden-

tifying a cell population of interest, using the smallest possible

panel of markers; (2) summarizing a long list of closely related

(and perhaps overlapping) immunophenotypes by identifying

their most important common parent populations. However,

increasing the number of markers quickly renders this

approach unfeasible (e.g., Supporting Information Fig. S5 for

only six markers).

To address this challenge, we developed RchyOptimyx, a

computational tool that automatically characterizes the com-

plex findings of high-dimensional exploratory FCM studies.

RchyOptimyx sorts all parent populations of an immunophe-

notype of interest into hierarchies, and selects those hierar-

chies that are better able to maintain the characteristics of the

immunophenotype of interest (e.g., correlation with a clinical

outcome). This reveals the best order in which markers can be

excluded from an immunophenotype. RchyOptimyx uses

dynamic programming and efficient tools from graph theory

to make the problem tractable using the computing resources

readily available in most laboratories.

As most cells can be described using more than one com-

bination of markers, there usually are several alternative cellu-

lar hierarchies associated with every population. RchyOptimyx

is able to find all these ‘‘paths’’ and merge them into a single

hierarchy, starting from ‘‘all cells,’’ or any arbitrary point in a

hierarchy, and finishing at the terminal population of interest.

This reveals the relationships between different gating strate-

gies and how they differentiate, and also facilitates the repro-

duction of high-dimensional exploratory studies using

low-color instruments. The ability to suggest multiple panels

is particularly important when designing new panels, because

the choice of markers depends on a large number of external

parameters including, but not limited to, reagents available

through vendors, potential spectral overlaps, the instruments

available, and budget limitations.

Another important use-case for RchyOptimyx is in the

interpretation of the findings of bioinformatics pipelines.

Although these pipelines have recently been very successful in

identifying cell populations correlated with clinical outcomes,

their findings cannot be easily understood for two reasons: (1)

they usually rely on high-dimensional clustering of the data and

therefore cannot propose gating strategies for reproduction of

their results; (2) their predictive power often relies on a large

list of immunophenotypes. Some of these immunophenotypes

Figure 3. An optimized cellular hierarchy for identifying naive

T-cells. The color of the nodes and the thickness of the edges shows

the purity and change in purity of the original naive phenotype

within the given cell population, respectively. [Color figure can be

viewed in the online issue which is available at wileyonlinelibrary.

com]
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are closely related (e.g., refer to close or overlapping cell popu-

lations) while others are not. RchyOptimyx addresses the first

problem by suggesting optimized gating hierarchies for identi-

fication of these cell populations to a desired level of purity or

correlation with clinical outcome. The latter problem is

addressed by summarizing closely related immunophenotypes

using their most important common parents.

In evaluating RchyOptimyx, we combined its functional-

ity with the automated gating functionality provided by flow-

Means and flowType. However, RchyOptimyx can be built

upon the results of any cell population identification method,

including manual analysis, provided all intermediate cell

populations (i.e., each layer, removing one marker at a time)

from the cell population of interest up to the desired start of

the hierarchy are provided to the algorithm.

We evaluated RchyOptimyx for three use-cases, using a

small but high-dimensional mass cytometry dataset and a clin-

ical dataset of high-dimensional conventional FCM assays of

466 patients, previously analyzed by both manual and auto-

mated analysis. First, we constructed cellular hierarchies for

identification of cells that were produced in response to differ-

ent stimulations. This use-case represents the problem of

designing panels of surface markers (primarily for sorting) for

cells that can only be defined using their intra-cellular signa-

ture (possibly after proper stimulation). For example, plasma-

cytoid dendritic cell (PDC)s are known to express the toll-like

receptor 9 (TLR9) in response to stimulation using CpG (41).

A large number of surface candidates were recently proposed

for PDCs (42–45). An interesting direction to extend this

work would be to measure all these markers in a single panel,

subject to CpG stimulation (using appropriate controls) to

design a panel of surface markers for PDCs. In this case, TLR9

could be used as the external variable for optimization.

Second, we demonstrated that RchyOptimyx can be used

to simplify existing gating strategies, using as an example the

identification of naive T-cells previously defined using a com-

plex panel of six markers to a 95% purity using only three.

This proof-of-concept use-case is relevant when a subset of

markers needs to be selected for reproduction of the results

using fewer colors. For certain biological use–cases, purity of

higher than 95% can be required. For such use-cases, a larger

number of markers for exclusion of non-naive T-cells should

be included in the panel.

Third, we showed that RchyOptimyx, together with a

complex bioinformatics pipeline, can analyze a large high-

dimensional clinical dataset, to reveal correlates of a clinical

Figure 4. An optimized hierarchy for all three populations correlated with protection against HIV. The color of the nodes shows the signifi-

cance of the correlation with the clinical outcome (P-value of the logrank test for the Cox proportional hazards model) and the width of

each edge (arrow) shows the amount of change in this variable between the respective nodes. The positive and negative correlation of

each immunophenotype with outcome can be seen from the arrow type leading to the node; however as all correlations are negative in

this hierarchy, only one arrow type is shown. [Color figure can be viewed in the online issue which is available at wileyonlinelibrary.com]

ORIGINAL ARTICLE

1028 RchyOptimyx: Cellular Hierarchy Optimization



outcome, hidden from previous manual and automated analy-

sis of the same dataset. In addition, RchyOptimyx suggests the

best gating strategies and marker panels for reproduction of

these results in low-color settings. By identifying the best cel-

lular hierarchies, RchyOptimyx allows the user to make an

informed decision about the trade-off between the number of

markers and the significance of the correlation with the clini-

cal outcome. This feature is particularly important in hypoth-

esis generating studies that need to be further validated using

large clinical studies.

For the third example, it is important to note that the

correct measure for the amount of correlation with a clinical

outcome is an effect size (such as the root squared error of the

estimated proportional hazard). However, such effect size does

not provide any information about the significance of the cor-

relation. As RchyOptimyx is intended to be a decision support

tool, and in this case the decision is the degree to which a cell

population can be generalized while maintaining the statistical

significance of the correlation, we decided that the P-values of

the log-rank tests were more appropriate for optimization of

the hierarchies. To support this decision, we empirically inves-

tigated the differences between the P-values and effect sizes of

the Cox proportional hazard models (Supporting Information

Fig. S7) and concluded that these values are highly correlated

(which is not surprising considering the large size of our

cohort). It should be noted that as RchyOptimyx allows the

user to choose which measure to provide, they can make this

decision as appropriate for their specific data.

The concept of computationally extracting cellular hierar-

chies from FCM data has previously been introduced by the

SPADE algorithm (25,26). SPADE generates a large number of

multidimensional clusters and then connects them to each

other using the distance between their mean/median fluores-

cence intensities. These are then manually annotated by biolo-

gists with domain knowledge. This makes SPADE useful for

identification and visualization of a large number of clusters,

particularly when expression of markers change gradually

(e.g., cell-cycle analysis and some intracellular studies). How-

ever, the hierarchies generated by SPADE are logically and

conceptually different from those generated by RchyOptimyx

and have different use-cases. For example, the results of the

mass cytometry dataset presented here are very close to results

previously obtained from SPADE analysis. However, SPADE

required manual annotation of the results by a human expert,

using different plots demonstrating the expression of different

surface markers and the intracellular marker of interest (Fig. 2

and panel C of Fig. 3 of Ref. 25). More complicated relation-

ships that involve several markers cannot be easily identified

by these manual annotations. In addition, SPADE is limited in

that the relationships between cell populations is exclusively

defined using the multidimensional distances between them.

However, two cell populations that are close to each other in

the multidimensional space can be far in terms of specific

markers (which can be the most important ones). The cellular

hierarchies generated by RchyOptimyx are based on

parent-child relationships, guided by an external variable (cell

populations that have common parents with similar patterns

of correlation with a clinical outcome or intracellular response

to stimulation are grouped together). This enables RchyOpti-

myx to automatically annotate a large number of cell popula-

tions identified by other methods (e.g., manual gating or

SPADE) in terms of the importance of the markers involved

and summarize them in a single hierarchy.

There are several directions in which this work can be

extended. RchyOptimyx provides no information about the

robustness of the hierarchies. Bootstrapping strategies could

be used to produce confidence intervals for the tree structure

and increase generalizability to previously unseen data (46).

Also, our current implementation of RchyOptimyx assumes

that every marker can be partitioned into a positive and nega-

tive population. Although the underlying theory does support

additional (e.g., dim, bright, or low) populations, parts of the

software package would need to be modified to accommodate

these cases.

AVAILABILITY

The RchyOptimyx R package (including source code, doc-

umentation, and examples) is freely available under an open

source license (Artistic 2.0) and can be obtained from Biocon-

ductor. The raw data and meta-data used in this study is pub-

licly available through FlowRepository.org (under experiment

ID FR-FCM-ZZZK) and through Cytobank.org (under experi-

ment ID 6033) for the PFC and CyTOF datasets, respectively.
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