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� Abstract
We have developed flowMeans, a time-efficient and accurate method for automated
identification of cell populations in flow cytometry (FCM) data based on K-means clus-
tering. Unlike traditional K-means, flowMeans can identify concave cell populations by
modelling a single population with multiple clusters. flowMeans uses a change point
detection algorithm to determine the number of sub-populations, enabling the method
to be used in high throughput FCM data analysis pipelines. Our approach compares
favorably to manual analysis by human experts and current state-of-the-art automated
gating algorithms. flowMeans is freely available as an open source R package through
Bioconductor. ' 2010 International Society for Advancement of Cytometry
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FLOW Cytometry (FCM) can be applied in a high-throughput fashion to process

thousands of samples per day. However, data analysis can be a significant challenge

because each data set is a multiparametric description of millions of individual cells.

Consequently, despite widespread use, FCM has not reached its full potential due to

the lack of an automated analysis platform to assist high-throughput data generation

(1–3).

A critical bottleneck in data analysis is the identification of groups of similar

cells for further study (i.e., gating). This process involves identification of regions in

multivariate space containing homogeneous cell populations of interest. Generally,

gating has been performed manually by expert users, but manual gating is subject to

user variability (4–6) and is unsuitable for high-throughput data analysis (7). Several

methods have been developed to automate the gating process (8). flowClust is a

model-based clustering approach that models cell populations using a Box-Cox

transformation to remove skewness followed by a mixtures of t-distributions (9).

flowMerge (10) extends the flowClust framework by applying a cluster merging algo-

rithm (11) to allow multiple components to model the same populations, enabling it

to fit concave cell populations. FLAME (12) uses a mixture of skew-t-distributions to

make the model more flexible to skewed cell populations. curvHDR (13) is a non-

parametric density-based approach, and therefore is not limited to identifying cell

populations based on shape. curvHDR models cell populations based on the curva-

ture of the underlying distribution. However, it requires user-defined parameter

values and cannot be applied to more than three dimensional data. SamSpectral (14)

uses an spectral clustering algorithm to find cell populations, including nonconvex

ones. Given the high time and memory requirements of the spectral clustering algo-

rithm, SamSpectral finds cell populations based on representative subsampling of the

data; however, this can potentially decrease the quality of the gating as some biologi-

cal information can be lost during the sampling process. SamSpectral also requires

user-defined parameter values for each data set of similar experiments.
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With the advent of high-throughput FCM analysis, mil-

lions of cells can be analyzed for up to 20 markers per sample.

For these experiments, the runtime of gating algorithms is a

bottleneck of automated FCM data analysis pipelines (18).

The K-means clustering algorithm was the first automated

data analysis approaches applied to FCM data (15). Given a d-

variable vector X1,X2,. . .,Xn, K-means aims to partition X into

K\n sets S5 S1,S2,. . .,Sk so as to minimize the within-cluster

sum of squares:

argmin
S

XK
i¼1

X
Xj2Si

jjXj � cijj2; ð1Þ

where ci is the centroid or center of Si estimated by its mean

value.

However, the adoption of K-means has been restricted,

because it requires the number of populations to be pre-iden-

tified, it is sensitive to its initialization, and it is limited to

modelling spherical cell populations. To estimate the number

of clusters, Pelleg et al. (16) and Hamerly and Elkan (17)

extended basic K-means by using the Bayesian Information

Criterion (BIC) and a normality test, respectively. Voting-K-

means (18) tries to achieve a good clustering by running the

K-means algorithm with a number of different settings and

combining the results using an ensemble clustering algorithm.

However, the application of these algorithms for automated

FCM data analysis has not been successful since the first two

are sensitive to noise, and all three require user-defined pa-

rameter values (8,14).

We have developed a new K-means-based clustering fra-

mework that addresses the initialization, shape limitation, and

model-selection problems of K-means clustering, and can be

applied to FCM data. We extended the flowMerge (10)

approach by replacing the statistical model with a faster clus-

tering algorithm. By introducing a new merging criterion, our

approach finds nonconvex cell populations, and we use a

change point detection algorithm to estimate the number of

clusters.

MATERIALS AND METHODS

Initial Number of Clusters

The K-means clustering algorithm relies on users to

define the number of clusters (K) to find. Using a predefined

number of clusters for all FCM samples is not possible due to

intersample variability. We solved this problem by automati-

cally choosing K based on a reasonable maximum. The var-

iants of the K-means algorithm discussed in the introduction

try to estimate the exact number of clusters, and are not suita-

ble for estimating the maximum number of clusters. Using the

number of cells as the maximum is also not practical due to

high runtime required for merging a large number of cells in

FCM experiments (e.g., commonly in the hundreds of thou-

sands). Instead, we use the number of modes found individu-

ally in every eigenvector of the data. Using individual eigen-

vectors makes solving the mode-counting problem practical,

but results in overlapping clusters (since some cell populations

will be projected on more than one eigenvector and will be

counted more than once). These overlapping clusters are later

merged.

While many mode-detection algorithms are available, we

used an approach based on the work of Duong et al. (19) for

mode detection using kernel density estimation, which has has

previously proven to be successful on FCM data (13). For-

mally, for a d-variable X1,X2,. . .,Xn sampled randomly from

the density function f, the kernel density estimator f̂ is defined

to be the mean of n Gaussian kernel estimations:

f̂ ðxÞ ¼
Pn

i¼1 Kðx�Xi

h
Þ

n � h ; ð2Þ

where h is the bandwidth selected using Scott’s rule (20), and

K(�) is the Gaussian kernel function:

K ðxÞ ¼ 1ffiffiffiffiffiffiffiffiffi
2 � pp � e�x2ffiffi

2
p
: ð3Þ

The gradient of the estimator is:

Df̂ ðxÞ ¼ 2

n � h2 �
Xn
i¼1

ðx � XiÞ � K x � Xi

h

� �
ð4Þ

We then used a simultaneous significance test (based on Bon-

ferroni’s correction) to find the regions where the gradient is

significantly different from zero (19). Finally, the number of

modes in the data is estimated by the number of times that

the gradient changes from positive to negative for every one

dimensional projection of the data on the eigenvectors. The

K-means algorithm is then initialized with the total number of

modes across all dimensions.

Merging

We solved the initialization problem at the cost of finding

redundant clusters. To find the correct populations, these clus-

ters must be merged. In addition, to capture non-spherical
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populations, we allow more than one cluster to model a single

population (i.e., nearby clusters are merged).

The merging procedure iterates between the following

two steps until all of the points are merged to a single cluster:

(1) calculate/update the distance between every pair of clus-

ters; (2) identify and merge the closest pair of clusters.

Distance metric. Given two populations X 5 (x1,x2,. . .,xN)
and Y 5 (y1,y2,. . .,yM), we want to estimate the probability

that the point (in this case, cell) yi belongs to X. The closer yi
is to the center of X (i.e., X), the more likely it is to belong to

X. However, the probability also depends on the dispersion of

X. This can be estimated by the normalized Euclidean distance
X�yi
SX

, where SX is the sample standard deviation of X. In the

multivariate case, the direction in which X is spread is also im-

portant, so the normalization term should be replaced by the

covariance matrix. This results in a distance metric called the

Mahalanobis distance. Formally, the Mahalanobis distance

between X and yi is defined as:

DðX ; yiÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð�X � yiÞ � S�1

X � ð�X � yiÞ>
q

; ð5Þ

where SX is the covariance matrix of X.

Based on D(x,yi), we define a symmetric semi-metric

(semi-distance) function between populations X and Y:

DðX ;Y Þ ¼ min

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð�X � �Y Þ � S�1

X � ð�X � �Y Þ>
q
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð�X � �Y Þ � S�1

Y � ð�X � �Y Þ>
q

8<
: ð6Þ

Estimating the number of populations. As long as two clus-

ters are overlapping (i.e., modeling the same cell population),

the distance between them will be very small, and these will be

merged. After several merging steps, when the remaining clus-

ters are well separated, the distance between the next clusters to

be merged is significantly larger than the previous ones, indicat-

ing that these likely represent separate cell populations. We

implemented a segmented regression algorithm to detect the

change point in the distance between the merged clusters. This

algorithm divides the data to two subsets based on a given

break point and fits a line to each of the subsets. The break

point that minimizes the error of this model represents the

number of clusters for which the clusters are well separated.

Formally, let N be the initial number of clusters, i 5
(1,. . .,N) the vector of iteration numbers, NC 5 N 2 i the

vector of number of clusters at each iteration, and Dist the dis-

tance between the merged clusters at each iteration. The seg-

mented regression model can be described with the following

equation:

DistRði;BPÞ ¼ A1 � NCðiÞ þ B1; if NCðiÞ < BP

A2 � NCðiÞ þ B2; if NCðiÞ � BP;

�
ð7Þ

where DistR is the vector of predicted values for Dist, BP is the

break point at which we are expecting an abrupt change of the

distance between clusters, and (A1, B1) and (A2, B2 ) are the

slope and constant of the regression lines for the points before

and after the break point, respectively. The least squares

method must be applied separately to each segment to esti-

mate the parameters of each line. Finally, the optimized

break point BPopt value that minimizes the sum of squared

errors can be found using exhaustive search over BP [ {2,3,. . .,
# Clusters 2 1}:

BPopt ¼ argmin
BP

XN
i¼1

ðDistðiÞ � DistRði;BPÞÞ2
 !

; ð8Þ

Figure 1 shows an example where the change point is in the

solution with six clusters. An animation demonstrating how

the model works on this example is available in the Support-

ing Information.

Evaluation

We compared flowMeans to flowMerge and FLAME, the

current state-of-the-art automated gating algorithms. BIC and

Scale-free Weighted Ratio (SWR) were used to determine the

initial number of clusters for flowMerge and FLAME, respec-

tively. The comparison was conducted using a computer run-

ning Ubuntu LTS 8.04 with a 3.2 GHz Intel Pentium CPU and

3 GB of RAM. For flowMeans and flowMerge, 10 random

clustering solutions were used for initialization. To avoid

model singularity issues caused by the data transformations, a

small uniform noise was added to every event before the anal-

ysis by any of the algorithms. Convergence was determined

using the default criteria of each software. flowMerge and

FLAME both have optional free parameters that the user can

use to adjust the behavior of the algorithm (for example by

specifying a threshold for the boundary events). We left these

Figure 1. An example of finding the change point using segmen-

ted regression. The chosen solution (shown in red) consists of six

populations. [Color figure can be viewed in the online issue,

which is available at wileyonlinelibrary.com.]
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parameters at their default values to study the unsupervised

performance of all three algorithms.

Our evaluation of the algorithms was based on comparison

against manual analysis by human experts that was performed

using a set of two dimensional scatter plots. While several metrics

are available for comparison of clusterings (21), we used the F-

measure because it has proven to be successful for evaluation of

the performance of automated gating algorithms (22). Let n be the

number of data points, C the set of membership labels assigned by

the human expert, and K the set of membership labels calculated

by the automated algorithm. F-measure is formally defined as:

FðC;KÞ ¼
X
ci2C

jcij
n

�max
kj2K

Fðci ; kjÞ ð9Þ

Fðci; kjÞ ¼ 2 � Rðci; kjÞ � Pðci; kjÞ
Rðci; kjÞ þ Pðci; kjÞ ð10Þ

Rðci; kjÞ ¼ nij

jcij ð11Þ

Pðci; kjÞ ¼ nij

jkj j ; ð12Þ

where nij is the number of points with label ci [ C that are

assigned to kj [ K . The points that the human expert had not

included in the analysis (for example outliers or biologically irrele-

vant populations) were excluded before calculating the F-measure.

We measured the F-measure of every sample and reported

the average as a single value representative of the distribution.

While the average F-measure value helps to evaluate the overall

performance of the algorithm across a dataset, it does not help

in understanding how these algorithms differ in the analysis of

individual samples. We therefore selected four cases where the F-

measure values of one of these algorithms was significantly better

for further visual illustration of the performance of each method.

Since FLAME’s web-based interface does not provide

CPU time measurement, all runtimes were measured as wall-

clock time on our reference machine. However, we verified

that for flowMeans, the difference between CPU time and

wall-clock time never exceeded 200 msec.

Datasets

We used two fully gated datasets to evaluate our approach:

Graft versus host disease (GvHD). GvHD occurs in allo-

geneic hematopoietic stem cell transplant recipients when do-

nor-immune cells in the graft initiate an attack on the skin,

gut, liver, and other tissues of the recipient. FCM was used to

collect data on bone marrow transplant patients with a goal of

identifying biomarkers to predict the development of GvHD.

The GvHD dataset is a collection of weekly peripheral blood

samples obtained from 31 patients following allogeneic blood

and marrow transplant (23). Cells were stained for four mar-

kers, CD4, CD8b, CD3, and CD8.

Diffuse large B-cell lymphoma (DLBCL). DLBCL is an

aggressive lymphoma that can quickly spread to different parts

of the body. Its diagnosis is usually performed via lymph node

biopsy. The lymphoma dataset from the BC Cancer Agency

consists of 30 randomly selected lymph node biopsies from

patients seen between 2003 and 2008 (7). These patients were

histologically confirmed to have DLBCL. Cells were stained

for three markers, CD3, CD19, and CD5.

RESULTS

Table 1 shows the average F-measure values for flow-

Merge, FLAME, flowMeans (using the symmetric Mahalanobis

semi-distance function), and flowMeans-Euclidean (using an

Euclidean distance function) against expert manual analysis.

flowMeans and flowMerge performed similarly on both of the

datasets, while FLAME had a lower F-measure. As can be seen

from the CDF plots shown in Figure 2 in the Supporting In-

formation, these averages are not distorted by the presence of

outliers.

Figure 2 shows the number of clusters identified by each

of the algorithms and the manual analysis. For the GvHD

dataset, the results obtained by flowMeans are the closest to

those from the manual analysis, followed by those from flow-

Merge. The number of clusters identified by FLAME are in a

much larger interval. For the DLBCL dataset, again, the results

obtained by flowMeans are the closest to those from the man-

ual analysis, followed by those from flowMerge. The difference

between the results of flowMerge and flowMeans is smaller in

the DLBCL dataset. FLAME typically identifies a quite high

number of clusters ( 10 on average).

Table 2 shows that on average, the runtime of flowMeans

was significantly lower than that of flowMerge and FLAME.

We next examined whether this difference was due to the time

requirement of the clustering method or the model-selection

approach. Tables 1 and 2 show that while calculating the sym-

metric Mahalanobis semi-distance function increases the time

requirement, replacing it with a simple Euclidean distance

function decreases the accuracy of the identified populations

to less than that obtained by the current state-of-the-art meth-

ods. Table 3 shows the runtime of the clustering algorithm

used by each of these frameworks for identifying 10 clusters.

This demonstrates that flowMeans’ simpler clustering model is

contributing to the lower runtime as well as its approach for

estimating the number of clusters without fitting multiple

models. Figure 3 shows the agreement between the F-measure

of flowMeans and either flowMerge or FLAME. All F-measure

values were in the interval [0.5,1] [shown in panels (a) and

Table 1. Comparison of F-measure of flowMeans, flowMerge,

and FLAME

DATASET

MEAN F-MEASURE (SD)

FLOWMEANS

EUCLIDEAN

FLOWMEANS

MAHALANOBIS FLOWMERGE FLAME

GvHD 0.63(0.10) 0.84(0.07) 0.80(0.06) 0.68(0.13)

DLBCL 0.65(0.11) 0.92(0.04) 0.92(0.05) 0.59(0.14)
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(b)], indicating that flowMerge and flowMeans perform simi-

lar to each other, even for outlier samples in the correlation

plots. The flagged sample in panel (c) shows the extreme case

in which FLAME’s performance might be closer to the manual

gates than that of flowMeans. In this sample, flowMeans has

identified an extra population while FLAME has avoided that

at the cost of not identifying one of the manually gated popu-

lations. Figure 3 panel (c) shows that the F-measure of these

two algorithms is rather close while FLAME is slightly higher.

However, in panel (d) (flowMeans’ best case) FLAME did not

perform equally well, since it found too many subpopulations.

The output of each algorithm for the four outlier samples

(marked with red X0s in Fig. 3) is shown in Figure 4, with all

other samples compared in the Supporting Information. Panel

(a) in Figure 4 shows the sample chosen in Figure 3 a. In this

sample, the performance of flowMerge is better than that of

flowMeans, since flowMerge identified the four populations

found by the human expert, while flowMeans found only three.

Panel (b) of Figure 4 illustrates the two out of three biologically

interesting populations found by flowMeans; we note that the

remaining cluster is also missed by flowMerge, even though it

identifies three additional populations. Similarly, panels (c)

and (d) in Figure 4 show two other samples for which FLAME

performed better than flowMeans and vice-versa.

DISCUSSION

Model-based methods have proven to be successful in

automating the FCM gating process (10). However, the time-

requirement of these methods represents a bottleneck in

applying them to samples with millions of cells and tens of pa-

rameters. The application of simpler models to speed up the

population identification problem has not been successful as

these algorithms are limited by different factors (e.g., reliance

on user-defined parameters or specific shapes of populations).

For example, while the K-means clustering algorithm (as a

special case of Gaussian Mixture Model (GMM)s with spheri-

cal variance constant across clusters) is quick compared to

other model based approaches, applying it to FCM data has

not been successful, since it is limited to spherical cell popula-

tions and relies on pre-defined number of populations. A

GMM can handle elliptical populations but has a higher run-

ning time, since more iterations are required for fitting it to

FCM data, which is generally quite noisy. t and skew-t mixture

models are more flexible with respect to kurtosis and skewness

at the cost of further increasing the running time (14). These

models can use model selection criteria to estimate the num-

ber of populations; however, fitting multiple models com-

pounds runtime requirements.

Since FCM cell populations are not elliptical, flowMerge

allows more than one elliptical component to model the same

population. We developed a similar framework to extend the

K-means algorithm by merging the clusters that belong to the

same population. Using the spherical model of the K-means

algorithm, our framework has a significantly lower runtime

compared to more flexible but computationally expensive sta-

tistical models (e.g., a skew/t-mixture model). Improvements

in processing time are an important consideration in high-

throughput data production environments. Savings in run-

time also increase as the number of measured parameters

increases, as is the trend in FCM technology.

Table 2. Comparison of average wall-clock (CPU) runtime of

flowmeans, flowmerge, and FLAME

DATASET

AVERAGE RUNTIME (MM:SS)

FLOWMEANS

EUCLIDEAN

FLOWMEANS

MAHALANOBIS FLOWMERGE FLAME

GvHD 00:17 00:28 15:34 18:41

DLBCL 00:13 00:21 11:40 15:35

Table 3. Comparison of average runtime of the clustering

algorithms used for each framework for identifying 10 clusters

DATASET

AVERAGE RUNTIME (MM:SS)

K-MEANS

(FLOWMEANS)

GAUSSIAN

MIXTURE

MODEL

(FLOWMERGE)

T MIXTURE

MODEL

(FLOWMERGE)

SKEW-T

MIXTURE

MODEL

(FLAME)

GvHD 00:07 04:26 05:37 07:36

DLBCL 00:05 03:31 04:07 05:51

Figure 2. The number of clusters selected by manual analysis and the three algorithms for the (a) GvHD and (b) DLBCL datasets.
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The use of more than one centroid to model the same

population enabled our K-means based approach to find

non-convex cell populations. However, the initial number of

clusters needs to be determined before applying K-means.

Choosing the correct number of clusters to initialize K-

means is not critical, as long as the number selected is larger

than the number of cell populations, since the extra (overlap-

ping) clusters are later merged. We used the number of

modes in the data (orthogonally projected on one-dimen-

sional subspaces) as an upper bound for the number of clus-

ters. Using one-dimensional projections of the data has the

drawback of not finding populations that can only be identi-

fied in multiple dimensions. flowMeans addresses this pro-

blem, to some extent, by projecting the points on the eigen-

vectors (instead of individual markers) followed by multidi-

mensional clustering. However, this can potentially be

improved by designing a multidimensional procedure for

finding a more accurate upper bound for the number of clus-

ters. Regardless of the specific approach, an important

advantage of flowMeans over the current model-based

approaches is that it doesn’t need to fit multiple models to

estimate the correct number of clusters. This, along with

avoiding an expensive statistical model, resulted in a sig-

nificantly improved running time ([20 times on average)

Figure 3. Agreement between F-measures of flowMeans and either flowMerge(a,b) or FLAME(c,d) on GvHD(a,c) and DLBCL(b,d) datasets.

The cell populations for the samples indicated with red X0s in panels (a)—(d) are shown in respective panels in Figure 4. The dashed line is
the agreement line (i.e., y 5 x ) that indicates where the performance of the two algorithms is equal. The correlation coefficient (CC) and
concordance correlation coefficient (CCC) are shown as legends. [Color figure can be viewed in the online issue, which is available at

wileyonlinelibrary.com.]
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compared to the current state-of-the-art model-based gating

algorithms, without any decrease in accuracy.

We used the position and shape of clusters to identify

candidate clusters for merging. We defined a symmetric

Mahalanobis semi-distance function that takes the covariance

of the clusters into account for calculating the distance

between them. At every iteration of flowMeans, these Mahala-

nobis semi-distances need to be recalculated for the modified

cluster. This recalculation procedure represents a bottleneck in

the runtime of our framework. However, Tables 1 and 2 show

that replacing it with an Euclidean distance function decreased

the accuracy of the predicted populations. One possible

approach to preserve accuracy and increase speed would be to

use a covariance matrix updating procedure [e.g. (24)] to

update the symmetric Mahalanobis semi-metric without recal-

culating it.

Our empirical evaluation was based on comparison

against manual analysis. While a wide range of metrics are

available for cluster evaluation, we used F-measure as it has

been shown to have a better performance in discriminating

between the clustering solutions that are similar or different

from the manual analysis (22). The F-measure values show

that flowMeans and flowMerge perform similarly, both on av-

erage and for individual samples (distributions of F-measures

are shown in Supporting Information). In spite of using a

more flexible statistical model, FLAME usually has a lower F-

measure. Figure 2 suggests that this might be due to the high

number of populations that FLAME identifies. To further

Figure 4. Panels (a)—(d) illustrate the cell populations found by flowMeans, flowMerge, and FLAME for the samples shown with red X’s in

respective panels in Figure 3. In this figure, the[90th percentiles of each cluster are visualized to make the boundaries more robust after
projection to a two dimensional scatter plot. Therefore the populations might be different from the real distributions on the margins. The

pink cluster in panel (d) is a multimodal population with 2 high-density regions. In every panel, colors of each solution are matched with

the solution with the maximum number of clusters. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.

com.]
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study the characteristics of these algorithms, we used the F-

measure values to select four extreme case samples where the

performance of the algorithms varies significantly for visual

comparison. While visual comparison generally confirmed the

F-measure values, it is important to note that due to the high

dimensionality of the data, the margins of the populations

could not be effectively visualized. Using human gates as the

gold standard for comparison is also complicated as human

results can be subjective and highly variable (4–6). For exam-

ple, in Figure 4d it is not clear if the human has missed the

green population found by flowMeans, has intentionally

decided to merge it with the blue population, or has marked

those cells as outliers. For cases similar to this, if a sample is

critically important and the F-measure value alone cannot be

trusted, multidimensional visualization (i.e., looking at differ-

ent bi-variate plots as done in the back-gating procedure) can

be used to check the margins using different dimensions.

Visualizing cell populations in multiple dimensions remains

an area for future improvement. This includes finding the

dimensions (or combination of dimensions) that can effec-

tively visualize the populations using feature selection and fea-

ture extraction strategies.

An implementation of flowMeans is publicly available as

an R package through Bioconductor, a free, open source, and

open development software project for the analysis and com-

prehension of genomic data (25,26).

CONCLUSION

We have introduced flowMeans, a fast yet accurate K-

means-based automated gating framework. flowMeans

addresses all the issues that prevented the application of K-

means to FCM data in the past. This makes flowMeans a

powerful tool for identification of cell populations as part of

high throughput and accurate FCM data analysis.
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