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Abstract
This paper describes a method to compare flow
cytometry data sets, which typically contain
50,000 six-parameter measurements each. By this
method, the data points in two such data sets are
divided into subpopulations using a binary clas-
sification tree generated from the data. "l~he )~2
test is then used to establish the homogeneity of
the two data sets based on how their data are dis-
tributed across these subpopulations. Prelimi-
nary results indicate that this comparison
method is sufficiently sensitive to detect differ-
ences between flow cytometry data sets that are
too subtle for human investigators to notice.

Introduction

Flow Cytometry
Flow cytometry is a powerful laboratory technique for
analyzing biological cells [Parks et al., 1989]. This tech-
nique allows for the simultaneous measurement of sev-
eral characteristics on a cell-by-cell basis. For example,
an investigator can use flow cytometry to measure the
levels of expression of three different surface proteins
on each of 50,000 white blood cells. Fluorescence-acti-
vated cell sorting (FACS), an extension of flow cytom-
etry, physically separates subpopulations of viable cells
from one another. The acronym FACS is commonly
used to refer to flow cytometry in general, even if cells
are not actually sorted.

Flow cytometry uses fluorescent reagents to label
molecules expressed on cell surfaces or contained
within cells. Each reagent is a fluorescent dye joined to
an antibody specific for a particular cellular molecule.
For a typical experiment, a population of cells is
stained with a set of three or four carefully chosen
reagents. The stained cells are suspended in a liquid
medium and sent, one cell at a time, through the sens-
ing region of a FACS instrument. There, each cell is
exposed to several beams of laser light of wavelengths
appropriate to excite the fluorescent reagents. Photo-
sensitive detectors then measure the light emitted by
each cell. Each detector is tuned for a specific range of
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wavelengths of emitted light, corresponding to the
emission spectrum of one of the reagents. Thus, the
intensity of the signal from each detector indicates the
amount of the corresponding reagent bound to the cell
analyzed. There are also detectors that measure light
scattered by each cell. The signals from the detectors
are digitized and recorded.

In this way, each cell is characterized by several
measurements. Most instruments in the Stanford FACS
facility have two detectors to measure scattered light
and four to measure fluorescent emissions, producing
six measurements per cell. From 10,000 to 50,000 cells
are analyzed from each population studied, resulting in
large multivariate data sets. Analyzing these data is a
challenging task, typically done by expert investigators
who use a combination of qualitative and quantitative
methods.

Data Analysis
Data set comparison is an important task in the analy-
sis of flow cytometric data. Most interpretations of
FACS results rest on an assertion that one population
of cells differs from another population of cells. Inves-
tigators infer such differences between cell populations
from differences between data sets that describe sam-
ples of those populations. However, investigators do
not use a quantitative test of similarity to compare
muhiparameter FACS data sets.

In many cases, the fact that two FACS data sets rep-
resent different cell populations is evident from visual
inspection of a few well-chosen, two-parameter plots
of the data. But visual inspection of data plots is not
always satisfactory. Even expert investigators some-
times disagree about whether two data sets are differ-
ent, based on a set of two-dimensional projections of
the data. Moreover, there are many subtle differences
between data sets that are not visually apparent, such as
the difference between two samples of the same cell
population run consecutively on the same FACS
instrument or two samples of the same type of cell pre-
pared and analyzed by different investigators on differ-
ent days.
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To address this analysis task, we have developed a
method to compare FACS data sets that detects both
large and small differences. One of our goals was to use
a statistically sound method that would allow us to
infer some level of significance from our measurement
of homogeneity between data sets; we have made some
progress in that direction.

Related Work

Researchers at other institutions have implemented
techniques to compare one-parameter flow cytometry
data distributions and to classify multiparameter flow
cytometric data. The Kolmogorov-Smirnov test, a
nonparametric test for comparing two univariate data
distributions, was first applied to flow cytometric data
by Young [1977]. Cox and colleagues discussed the use
of this test, as well as parametric tests, to compare dis-
tributions of single-parameter FACS data [1988]. Sim-
ple forms of cluster analysis have been applied to flow
cytometric data: Demers and coworkers used the tech-
nique to identify different species of aquatic microor-
ganisms [1992]. Neural networks based on
multiparameter data have also been used to classify
aquatic microorganisms [Frankel et al., 1989]¯ Neural
network analysis has been used to identify features in
single-parameter flow cytometry data that correlate
with risk of breast cancer relapse [Ravdin et al., 1993]¯

Our work developing computer-based support for
flow cytometry has addressed experiment planning,
instrument modeling, and data analysis¯ The PEN-
GUIN system was developed in our laboratory to
facilitate the use and sharing of declarative domain
knowledge stored in relational databases [Barsalou et
al., 1991]. One of our colleagues completed prelimi-
nary work on a distributed, object-oriented system to
perform a variety of FACS tasks, including instrument
control, protocol design, data analysis, anddata visual-
ization [Matsushima, 1993]¯

Method
Our strategy for comparing flow cytometric data sets
was to reduce the multivariate data to categorical data.
We defined for each pair of data sets a set of subpopula-
tions based on the measured parameters, and converted
the long lists of multiparameter measurements to short
lists of frequency counts for those subpopulations. The
data sets could then be tested for homogeneity using a
simple Z2 test.

This approach is suggested by the nature of flow
cytometric data. Existing parametric tests for the
homogeneity of two multivariate data samples assume
that the samples have multinormal distributions [Piter-
barg and Tyurin 1993]; FACS data is decidedly non-
normal (for example, the marginal distributions are
often multimodal), which makes it necessary to use 
different approach.

Consider a data set A = {A1,A2 ..... Am}, where
each Ai is a multiparameter measurement

{Ait, A.2 ..... Aid }, and a similar data set
B = {/~1, B2 .... , B}. These data sets have m and n
data points respectively (typically 50,000 data points
each) and contain d-dimensional data (typically 6).
Based on the union of A and B,
{Av ,A ,B., ,B }, we can divide the data set¯ ̄ ’ m l ’¯" n

space into q regions, as described below.
Let X. be the number of data points A- in the kth/g ¯ !

region, and Y. the number of data points B in the k th¯ / Jregion. Now we can express each data set a list of fre-
quency counts for the q regions. Thus
A = {X1 ..... X }, and B = {Yt ..... Yq}. Under
the null hypothesis that A and B are samples drawn
from the same population, we expect

m
EAk - (Xk + Yk)m+n

data points from data set A in the k th region. Simi-
larly,

n
= -- (Xk + Yk)EBk m + n

for data set B. The test statistic is then given by
2 ( Yk - EBk) 2]

2 = V F. (Xk-EAk) +
X

k

which approaches Z2 for large q.
We reject the null hypothesis that A and B are

homogeneous if x2 exceeds the tabulated value of Z2
for q-1 degrees of freedom and the chosen confi-
dence level 0~. [Ott, 1993]

The data set space is divided into regions by means
of a binary classification tree that is drawn by splitting
the space recursively along the parameter axes at their
median data points. The parameter with the longest 5th
to 95th percentile range of data is chosen for me next
split of each region, and the region is further subdi-
vided until a specified minimum number of data points
remain in each region.

A data-driven classification technique is used
because the data set space is very sparsely populated.
There are many more points in six-dimensional space
(considered at a nine-bit resolution, as FACS fluores-
cence signals are digitized) than there are points in 
data set. Subpopulations defined by dividing the space
into a regular grid would be too coarse to resolve small
differences between data sets.

The comparison method was implemented in C++
on Sun SPARCstations under UNIX.

Evaluation
In order to evaluate the comparison method we col-
lected and compared several data sets. Different sample
preparations and FACS instrument conditions were
chosen to demonstrate several varieties of difference:

¯Variation within a single data set
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¯Variation between data sets collected from
identically prepared and analyzed cells

¯Variation between data sets collected from
differently prepared and analyzed cells

The differences in cell preparation and analysis
included changes in factors suspected to influence data
slightly, but known not to introduce gross changes in
the visual appearance of data sets. These factors
included:

¯ Cell sample condition
¯Instrument calibration
¯Laser realignment

Sample Preparation
Four groups of cells (A-D) were prepared as described
below¯ White blood cells were harvested from the
spleens of two genetically identical BALB/c mice,
washed and resuspended. The cells for groups A
through D were kept together in a single test tube.

The four groups of cells were run sequentially
through the FACS machine. Before any cells were ana-
lyzed, the FACS instrument was calibrated. Four sam-
ples were then drawn from the test tube for the four
group A data sets. The tube was removed from the
FACS machine and vigorously shaken, after which
three more data sets were collected (group B). The
instrument was recalibrated, and three group C data
sets were collected. One of the lasers was intentionally
misaligned and realigned; three more samples were
analyzed for group D. The sample treatments are sum-
marized in Table 1.

Group Treatment

A Unstained

B Unstained, shaken

C Unstained, after recalibration

D Unstained, after laser realignment

Table 1. Cell sample treatments. Three 50,000-point
data sets were collected from each treatment group.

Data Set Comparison
Two parameters were measured for each data set, for-
ward scatter and obtuse scatter. These light scatter
measurements correlate with cell size and shape; inves-
tigators often use these parameters to monitor the
quality of data collection. Three data sets were col-
lected for each cell group; each data set contained
50,000 data points (representing 50,000 cells).

Data sets were compared pairwise both within each
treatment group and between the treatment groups.
For this set of comparisons, the minimum number of
data points per classified region was set at 1000, result-
ing in 64 subpopulations for each comparison.
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Results
Preliminary results show that the classification method
is sufficiently sensitive to distinguish between data sets
from the same treatment group and data sets from dif-
ferent treatment groups¯ The comparison results are
summarized in Table 2. Within-group comparisons for

2groups A, B, C, and D gave x values between 67 and
142, whereas between-group comparisons gave values
ranging from 499 to 3144.

Pairwise comparison of three 50,000-point data sets
extracted from a single 300,000-point set gave an aver-
age comvarison value of 60.

For t~ae X2 distribution with 63 degrees of freedom,
values above 88 are significant at the 5% level¯.

A B C D

A 121 3144 2525 499

B 142 615 2679

C 67 1568

D 91

Table 2. Comparison results. The tabulated
values are averaged comparison values for
pairs of data sets (three values for each
within-group comparison, nine for each
between-group comparison)¯ These
numbers are roughly comparable to X2

values for 63 degrees of freedom.

Discussion
The comparison method performs well in distinguish-
ing different levels of difference from one another. The
order of magnitude of the comparison value indicates
whether two compared data sets belong to the same
treatment group or not.

However, the statistical interpretation of the com-
parison value as a proper X2 value is questionable. Data
sets separated only by seconds of collection time, such
as the different data sets in group A, gave comparison
values in excess of the cutoff value for statistical signifi-
cance at the 5% level. Our comparison measure may
still have statistical validity, perhaps with a distribution

¯ 2 ¯ ¯ ¯
different from that of X ̄  Further mvesugatlon should
elucidate this actual distribution.

This comparison method takes advantage of the
multivariate nature of the data. Using a classification
tree allows all data parameters to be taken into account,
unlike some other methods which only compare
univariate distributions.

There are many possible ways to divide data sets to
define subpopulations; we simply chose one that
seemed reasonable. But perhaps rather than simply
splitting the parameter with the widest data distribu-
tion at its median value, the method could search for
divisions that maximize some measure of the amount



of order in the data (as in the ID3 classification algo-
rithm [Ginsberg, 1994]).

Data visualization played an important role in the
course of this work. The ability to see the regions
drawn by the classification algorithm was essential in
evaluating its appropriateness. The advantages of static
data displays such as printouts could be expanded
through the use of dynamic, interactive displays such
as discussed by Becker and colleagues [1987].
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