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Summary

Classifying monoclonal antibodies, based on the similarity of their binding to the proteins (antigens) on
the surface of blood cells, is essential for progress in immunology, hematology and clinical medicine.
The collaborative efforts of researchers from many countries have led to the classification of thousands
of antibodies into 247 clusters of differentiation (CD). Classification is based on flow cytometry and
biochemical data. In preliminary classifications of antibodies based on flow cytometry data, the object
requiring classification (an antibody) is described by a set of random samples from unknown densities
of fluorescence intensity. An individual sample is collected in the experiment, where a population of
cells of a certain type is stained by the identical fluorescently marked replicates of the antibody of
interest. Samples are collected for multiple cell types. The classification problems of interest include
identifying new CDs (class discovery or unsupervised learning) and assigning new antibodies to the
known CD clusters (class prediction or supervised learning).

These problems have attracted limited attention from statisticians. We recommend a novel approach to
the classification process in which a computer algorithm suggests to the analyst the subset of the “most
appropriate” classifications of an antibody in class prediction problems or the “most similar” pairs/
groups of antibodies in class discovery problems. The suggested algorithm speeds up the analysis of a
flow cytometry data by a factor 10—20. This allows the analyst to focus on the interpretation of the
automatically suggested preliminary classification solutions and on planning the subsequent biochem-
ical experiments.

Key words: Classification, Monoclonal antibodies; Flow cytometry; Dissimilarity measure;
Kernel smoothing; SiZer; Class discovery; Class prediction; Unsupervised learn-
ing; Supervised learning.

1 Introduction

During the past 20 years thousands of monoclonal antibodies have been discovered to bind specifi-
cally to 247 molecules (antigens) on the surface of certain blood cells (leukocytes). Each antigen was
given a unique cluster of differentiation (CD) number (e.g. Schlossman et al., 1995; Kishimoto et al.,
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1997; Mason et al., 2002) that denotes both the particular antigen and the cluster of antibodies of
different molecular structure which bind exclusively to this antigen. The discovery of new CDs is
essential for the progress in immunology, hematology and clinical medicine. The current applications
of CD-based technology are numerous and include leukemia/lymphoma phenotyping, monitoring the
progression of HIV/AIDS, and diagnosing transplant compatibility (Stuart and Nicholson, 2000; Gi-
van, 2001). It is estimated (Zola and Swart, 2003) that only 10-20% of the existing antigens have
been discovered and that about 100 new CD clusters will be designated in December 2004 at the 8th
HLDA (Human Leucocyte Differentiation Antgiens, www.hlda8.com) workshop.

Classifying newly discovered antibodies involves resolving two problems which, following the ter-
minology used in a different setting by Golub et al. (1999), we will call “class prediction” and ‘“class
discovery”. In the class prediction analysis, a newly discovered antibody is assigned to the most
appropriate known CD cluster. The class discovery analysis, on the other hand, studies the antibodies
that do not fit in any of the known CD clusters and thus aims to identify new ones. Class prediction
and class discovery analysis are often denoted as “‘supervised” and ‘‘unsupervised” learning in the
statistical literature. In both class discovery and class prediction analysis it is widely recognized that
analyzing panels of flow cytometry data (conventionally called *“‘blind panels” in the biological litera-
ture) is often very useful (e.g. Spiegelhalter and Gilks, 1987; Gilks, Oldfield and Rutherford, 1989;
Gilks and Shaw, 1995; Miyazaki et al. 1997; Mason et al, 1997; Hilgert and Drbal, 2002).

A blind panel may be viewed as an (n + ng) x p array of experiments. The columns correspond to
p different blood cell populations. The experiment in the i-th row and j-th column results in a large
univariate sample of fluorescence measurements for thousands of cells from population j. For experi-
ments i = 1,..., n, the cells in each of the cell populations j = 1,..., p are stained by a large num-
ber of replications of antibody i For control experiments i =n+1,..., n+ ngy, the cells are not
stained. The binding of a fluorescently marked antibody to an antibody-specific antigen on the surface
of a cell increases the cell’s fluorescence. Therefore, an increase in the fluorescence of cell population
Jj relative to the “baseline* fluorescence observed in the control experiments, which is caused by stain-
ing the cells with fluorescently marked antibody i, suggests that antigens specific to this antibody are
expressed on the surface of the type j cells. The similarity in the pattern of distributions of fluores-
cence intensities across multiple cell populations j = 1,..., p observed for a pair or group of antibo-
dies suggests a possible identity in their antigens. For example, Figure 1 shows kernel density esti-
mates of log-fluorescence for p =20 cell populations (TONSIL.T,..., K562) stained by the
fluorescently marked antibodies (antibodies BO31 and B032 belong to the CD139 cluster; antibodies
B034 and B036 belong to the CD55 cluster) and distributions of a baseline log-fluorescence observed
in the control experiment. The discussion of the log-fluorescence scale is presented in Section 2.1.
The fluorescence of 5 of the 20 cell populations (TONSBDEN,GCB, HPB.ALL, MEM.B, HMY)
increased after staining by the antibodies BO31 and B032, which suggests that CD139 antigens were
expressed on the surface of these cell populations. The fluorescence of 16 cell populations increased
after staining by the antibodies from the CDS55 cluster. Overall, the patterns of fluorescence distribu-
tions observed for the antibodies from the same CD are substantially similar. The goal of the analysis
of a blind panel is to detect such similarities for a pair or group of antibodies within the panel. Addi-
tional biochemical experiments are then implemented to evaluate whether the antibodies inducing a
similar pattern of fluorescence in multiple cell populations bind to the same antigen. A typical blind
panel contains a mixture of known and unknown CD specificities. The dimensions are typically in the
range 100 <n <500, 1 <ny <5 and 20 < p < 100 which means that the number of fluorescence
samples is in the thousands. This makes visual search for similarities among the antibodies difficult.

Initial approaches to analyzing the blind panels characterized an individual flow cytometry experi-
ment by the estimated percent of the “positive” cells that had antibody-dependent antigen on their
surface. We discuss this terminology in Section 2.1. In subsequent analyses the results of an individual
experiment were summarized by the mean (Gilks and Shaw, 1995; Kishimoto et al., 1997) or the
mean and the standard deviation values (Hallam et al., 1997) of fluorescence intensity. These values
are then used to assign a dissimilarity score D(iy, i) to each pair of antibodies (i1,i,). Low dissimilar-
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Figure 1 Kermel density estimates (KDE) of log-fluorescence in-
tensity distributions for unstained cell populations (gray polygons),
and cell populations stained by antibodies (solid and dashed lines)
binding to CD139 (a) and CD55 (b) antigens. The KDE curves are
scaled so that their maximum value is equal to one. We used the
bandwidth & = 0.05. The details of KDE estimation are presented in
Section 2.2.4. The description of the panel can be found in Mason
et al. (1997).

ity scores indicate high similarity among the antibodies. The matrix of dissimilarity scores is used for
hierarchical clustering of antibodies, and the summary of the resulting clusters is displayed in the
form of a dendrogram. A data analyst uses the dendrogram to visually identify antibodies that are
clustered together and may therefore have identical specificity. The usefulness of this conventional
approach has been demonstrated by its application to the analysis of large panels of flow cytometry
data (Shaw et al., 1995; Kishimoto et al., 1997), but is bounded by the well-know deficiencies of the
hierarchical clustering. The structure of a dendrogram is often too sensitive to the intercluster dissim-
ilarity definition (i.e. the choice between group average, nearest neighbor and further neighbor meth-
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ods) and small changes in the data. It is often too difficult to identify clusters based on visual inspec-
tion of the dendrogram or to even estimate the number of clusters in a dataset. Hierarchical clustering
always assigns the object into one of the non-overlapping clusters even if the data do not contain
enough information to separate the “true” CD clusters, which may lead to incorrectly formed clusters.
These limitations of a hierarchical clustering are well-known from the statistical literature (e.g. Kaufman
and Rousseeuw, 1990; Hastie, Tibshirani and Friedman, 2001) and have been mentioned in papers
describing the analysis of blind panel data (e.g. Gilks and Shaw, 1995; Kishimoto et al., 1997). It is
also evident that in the class prediction problem the re-grouping of the antibodies of known CD specifi-
city by hierarchical clustering is unnecessary because the biologically correct clustering of these anti-
bodies (i.e. their CD number) is already known. In addition to that important information may be lost
when the distribution of log-fluorescence is summarized by the mean or mean and standard deviation.
For instance in Figure 1 the distributions of the log-fluorescence of the RAIJI cells stained by B034 and
B036 antibodies have similar bi-modal distributions, that the conventional approach could miss.

We propose a different approach to analyzing blind panels, in which evaluating the similarity be-
tween fluorescence patterns is based on visual inspection of a subset of the stacks of fluorescence
distributions (as shown in Figure 1) and a corresponding subset of the stacks of SiZer maps (Chaud-
huri and Marron, 1999). SiZer maps are described in Section 2.2.4 and shown in Figure 2. The role of
the automatic algorithm is limited to suggesting to the analyst the subset of the ‘“most appropriate”
classifications of antibody (in class prediction problems) or the “most similar” pairs/groups of the
antibodies (in class discovery problems). This approach is similar in spirit to that used in the search
for information on the Internet, where rapid search engines help focus the user’s attention on the
subset of possibly relevant objects.

In Section 2 we discuss five possible definitions of the dissimilarity score between a pair of antibo-
dies: the score described by Hallam et al. (1997), and four others which, to the best of our knowledge,
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Figure 2 SiZer maps for densities of antibodies B031,B032,
B034 and BO036 and cell population RAJI. The shading
marks increasing (black), decreasing (white), or flat (lighter
gray) regions of function E{f(x;h)}. The darker gray shad-
ing shows regions with sparse data. The horizontal lines
show values for the Sheather-Jones selected bandwidths.
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have never been used in the analysis of blind panel data. We found that one of these four new definitions
of a dissimilarity score, which is based on the correlation between the adjusted mean values of log-
fluorescence, provides an attractive alternative to Hallam’s definition. This correlation-based definition
of a pair-wise dissimilarity score is biologically justified, easily interpretable, and substantatively identi-
cal to the definition of a dissimilarity measure routinely used in the analysis of gene expression data.

We found it useful to distinguish between the class prediction and class discovery settings and
discuss the suggested approaches to the solution of these problems in Sections 3 and 4. Section 5
presents our conclusions and suggestions for future research.

2 Dissimilarity Scores

2.1 A mixture model of fluorescence distributions

A cell’s fluorescence is conventionally measured on the logarithmic scale. We denote as

x=Ilo FL
g10 FLoi

the logarithm of the ratio of observed fluorescence FL to the minimum detectable value of fluores-
cence FLy, and call it log-fluorescence. The choice of FL, is arbitrary and for simplicity we will
assume that it is identical for all cell populations, which is warranted since in our datasets difference
between the values of the thresholds across the cell populations are small. Gilks and Shaw (1995)
show how to use beads (small commercially available “microspheres* with known fluorescence inten-
sities) to re-scale the log-fluorescence values when FL.;, differs between cell populations. In our
discussion we ignore the error caused by binning the log-fluorescence values by flow cytometer and
treat these values as continuous random variables. The probability density function for cell population
J stained by antibody i is denoted by f;;.

For the given antibody i the cell population j may contain cells with and without antibody-specific
antigens. We follow a convention accepted in the flow cytometry literature and use the term ‘“‘negative”
for cells without antigens and the term “positive* for cells with antigens. The distribution of log-fluores-
cence may be described by a simple mixture model (e.g. Lampariello and Aiello, 1998; Watson, 2001)

fix) = (1 = ay) fi7 (x) + q;fif (x) (1)

where f; (x) and U* (x) are the probability density functions of log-fluorescence for the subpopulations
of negative and positive cells to the antibody i in the population j and o;; is the proportion of cells in
the positive subpopulation. The log-fluorescence of positive cells is on the average higher but in many
cases the densities f;; (x) and f; (x) overlap.

For antibodies (i1, i), which bind to the same antigen, the proportions of positive cells o;; and o;,;
and the shapes of the densities fl]t(x) and fl;(x) are often very similar. We found that the locations of
+:(x) and f£;/;(x) are also very similar for many pairs (i1,i2) of identical specificity. However, in the
relatively rare case when one of the antibodies has substantially lower affinity (i.e. the replicates of
this antibody are detached from their antigens relatively easily) or is limiting in concentration, the
location of f:; (x) may shift towards the low values of log-fluorescence.

As a first approximation it may be assumed that this shift is approximately the same for all cell
types j so that

() = fih(x = i i1+ €ining) - (2)
Here 8,51 denotes a systematic shift caused by the difference in the affinity of antibodies and €;; » ;
denotes a random shift in the location of f; (x). For a given pair (i1,i,), the shifts €; »; may be
considered independent across the cell types j=1,..., p. An example of a systematic shift in the
location of u+ (x) may be seen in Figure 1, where the mean log-fluorescence of the positive cells
stained by antibody BO31 is slightly higher than the mean log-fluorescence of the positive cells
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stained by antibody B032, and the mean log-fluorescence of positive cells stained by antibody B036 is
slightly higher than the mean log-fluorescence of positive cells stained by antibody B034.

The distribution of the log-fluorescence for negative cells is approximately the same as the distribu-
tion of the fluorescence in the population of unstained cells denoted by f;; (x), so that

Ji () = fo (%) - (3)

2.2 Definitions of dissimilarity scores

The pair-wise dissimilarity between antibodies is quantified by the dissimilarity score D(ij,i,) as-
signed to a pair (i1, ). The five scores considered here all have an important property: the rank of the
dissimilarity score for the pair (i;,i) in the set of possible pairs formed from the n antibodies is not
affected by the linear transformation (i.e. scaling and shifting) of the log-fluorescence values. In the
absence of the missing data these scores may be expressed as

P
D(l'hl'z):l dj(il,i2)+C, 4)
P j=1
where dissimilarity score d;(iy, i») quantifies the dissimilarity between antibodies i; and i,, based on the
distributions of the (possibly transformed) values of log-fluorescence for cell type j and c is the conveni-
ently chosen constant. The choice of the constant does not affect the classification solution. We choose
the value ¢ = 1 for the correlation based dissimilarity score, described in Section 2.2.2 and the value
¢ = 0 for all other definitions of the dissimilarity score. If the data for some of the experiments are
missing, then the calculation is done using the cell populations for which data are available. The propor-
tion of missing values in the well-designed panel of flow cytometry experiments is extremely small.

We will denote as x; and s; the mean value and standard deviations of observed log-fluorescence in
the cell population j observed in the experiment i. The estimated mean value of a baseline log-fluores-
cence Xy,

1 n-+ng
Xoj=— > Xy
no i=p+1

was calculated by averaging the mean values of log-fluorescence observed in the control experiments.

2.2.1 Mean-based dissimilarity score
The simplest definition of a dissimilarity score
& (ir, i) = (%) — %))’

is based on the cell-wise comparison of the magnitude of mean log-fluorescence values.

2.2.2 Dissimilarity score based on the correlation of baseline-adjusted means

Figure 1 suggests that some adjustment for the difference in the background fluorescence across the
cell populations may be beneficial. A simple adjustment may be achieved by subtracting the “‘base-
line” values of log-fluorescence from the observed values

X = Xy — Xoj
and defining a dissimilarity score based on the sample correlation coefficient r(ij,i;) between the

adjusted mean values Xf‘l i x} s

DR(iy,iy) = 1 — r(iy, ip)
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so that that a high correlation corresponds to a low dissimilarity. The correlation coefficient was
estimated based on the non-missing values. In the absence of the missing data

\/z (w0, — 54 )2 \/z< @ 5y

1 2
with X =— > XZ and correlation-based definition of the dissimilarity belongs to the family of defini-

P j=1
tions, described by Eq. (4) with ¢ =1 and cell-dependent component d; of a dissimilarity score de-
fined by

JCOR _ _ p(x; — %) (%
(

ly_x)
P N
Zl Xy = %) Q(xm-—xg)
J= J=

2.2.3 Mean- and standard deviation-based similarity score

Hallam et al. (1997) suggest a dissimilarity score based on the normalized sample means X; and
standard deviations s;;

_ - N2 e = \2
dMSD(l1 i) = Xiyj — Xiyj Sij — Siaj
’ df.. dg..
ij ij

o J . 1
| — %], %)= 3 % and dy, = —

i=1

_ 1 &
|55 — 51, :;Z

i=1

M=
,M:

1
where d;,.j =—
n

1 1

12

2.2.4 SiZer-based dissimilarity score

The SiZer map, introduced by Chaudhuri and Marron (1999), visualizes essential features of the
family of kernel density estimates. Kernel density estimation is described by Scott (1992), Wand and
Jones (1995), and Bowman and Azzalini (1997). It uses observations Xi,...,X; from a random sam-
ple of a univariate random variable X with smooth probability density f(x) for estimating f through

s = K (S50),

where K(z) is the kernel function and % is a bandwidth parameter of the kernel. In our calculation we

used the Gaussian kernel K(z) =
to a particular bandwidth £ is V2

E{f(x;h)} = [Ku(x —y) f(y) dy,

where K (u) = h™ 'K (%) Kernel estimation therefore provides a spatially averaged image of f(.) and

2
exp (— %) The expected value of an estimate corresponding

spatial resolution of this image is regulated by the parameter A. If the function f contains local max-
ima with different widths (spatial scales), then it may be beneficial to look at the the family of density
estimates f(x;h) that correspond to different levels of spatial resolution . Chaudhuri and Marron
(1999) describe the statistical methodology which, for a given location x and bandwidth value #,
evaluates whether E{f(x;h)} is increasing or decreasing. The original goal of the SiZer approach was
to visualize locations with the Slgnificant ZERo (SiZer) crossings of the derivative of E{f(x;h)}, i.e.
the locations x, where for a given bandwidth / the derivative of E{f(x;#)} changes its sign and the
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function E{f(x;h)} therefore has a local extremum. Zeng et al. (2002) suggest that SiZer maps can be
used to measure the dissimilarity between distributions.

Figure 2 shows SiZer maps for the distributions of log-fluorescence for antibodies B031, B032,
B034 and B036 and cell population RAJL It illustrates how the similarities of log- fluorescence dis-
tributions (Figure 1) for antibodies binding to the same antigen (i.e BO31 and B032, B034 and B036)
translate into the similarities of the corresponding SiZer maps.

The horizontal axis on these images shows the values of the log-intensity, while the vertical axis
shows the values of the smoothing parameter 4. The colors on the map mark the regions where deriva-
tive f’(x; h) is significantly positive (black), significantly negative (white), or cannot be distinguished
from zero (lighter gray). The regions marked by darker gray correspond to areas where the data are
too sparse to make conclusions. The horizontal line on each of the maps shows the profile correspond-
ing to the bandwidth chosen by the Sheather-Jones plug-in method (Jones, Marron, and Sheather,
1996). The locations of intensity on horizontal line h = hy preceeded by black shading (increasing
function) and followed by white shading (decreasing function) contain local maxima of the function
E{f(x;h = ho)}.

Figure 2 was obtained using software developed by J. S. Marron to accompany Chaudhuri and
Marron (1999). The evaluation of significant increases and decreases of the derivative is based on the
“number of independent blocks” approximation discussed by these authors, and on their default sig-
nificance level of o = 0.05. Figure 2 is an image of a N X M matrix S of ordinal values for N values
of the bandwidth and M values of intensity. A dissimilarity score d]sz(i 1,12) is defined by the propor-
tion of locations where the maps disagree

djsz(il ,i2) = proportion of locations, where S;; # S, .

This definition of dissimilarity is simpler than the one used by Zeng et al. (2002), who use an entro-
py-based measure of a dissimilarity between SiZer maps.

Plotting the stacks of SiZer maps for an antibody of interest and multiple cell populations provides
a useful compliment to the display of fluorescence distributions.

2.2.5 Square-root difference dissimilarity score

Bowman and Azzalini (1996) describe use of a statistic, which in our notation, may be written as

ti(ir, ia,%) = \Jfij(¥) — \/Fui (%) ,

for evaluating of the dissimilarity between the estimates of probability densities f; ;j(x) and f,;(x) at
arbitrary location x. They also discuss the statistic | tj(il,iz,x)2 dx as a possible measure of disagree-
ment between the distributions. We suggest a somewhat different measure

4P (iy, i) = max [5(i1, iz, X)] ,

as the dissimilarity score between the distributions observed for a cell population j. We used the mean
of the values of the smoothing parameter A, suggested by a normal reference density rule (Wand and
Jones, 1995; Bowman and Azzalini, 1997) for individual samples in all of the comparisons.

2.3 Comparison of the dissimilarity scores

The simplest way to evaluate the identity of the CD specificities of antibodies i; and i, is to suggest
that these antibodies belong to the same CD cluster if their dissimilarity score is less or equal than the
threshold value D(iy,i;) < Dy and otherwise belong to different CD clusters.

We compared the efficiency of this rule for different definitions of dissimilarity scores by applying
it to datasets that included antibodies of known specificity. The original blind panels, which we denote
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HLDAS and HLDAG, were studied by the 5th and 6th workshops on Human Leucocyte Differentiation
Antgiens. The datasets are described by Shaw et al., (1995) and Mason et al. (1997). Unfortunately,
only the scaled mean values of log-fluorescence were available for the HLDAS panel. We expanded
the dataset, described by Mason et al. (1997) adding to the panel the originally collected data for the
additional 15 antibodies of known specificity. We also excluded 10 ““dim” antibodies from HLDAS5
and 14 “dim” antibodies from the HLDAG dataset. The antibody i was defined as “dim” if for any of
the cell populations j the fraction of the positive cells a; in the panel was less than 0.5. For the
HLDAS dataset we used the estimates of the percentages of the positive cells given by Shaw et al.
(1995). For the HLDAG6 dataset we crudely estimated the percentage of the positive cells as the per-
centage of the cells that had a fluorescence intensity higher than the 95% quantile of fluorescence
intensity for the unstained cell populations. We also excluded from the HLDAS-based dataset the data
for cell populations that had missing log-fluorescence values for 10% or more of the cell populations
in the panel and antibodies that had 10% or more of the missing mean log-fluorescence values for the
selected subset of cell populations. The resulting HLDAS subset included mean values of log-fluores-
cence for p = 110 cell populations stained by n =271 antibodies from C = 150 CD classes. The
36385 pairs formed from these antibodies included 240 pairs of antibodies with identical specificity
and 36345 pairs of antibodies with different specificity. The HLDAG6 subset included the log-fluores-
cence samples for experiments with p = 20 cell populations stained by n = 55 antibodies of known
specificity from C = 33 CD classes. The 1485 pairs formed from these antibodies included 38 pairs of
antibodies with identical specificity and 1447 pairs of antibodies with different specificity.

For a given value of the threshold D we defined the sensitivity of the identity assignment rule as the
proportion of pairs of antibodies with identical CD specificity that had a dissimilarity score D(iy, i) less
or equal than Dr. We defined the specificity of the assignment as the proportion of pairs of antibodies

(a) (b)
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c > |
3 o = 3 \
P 2 o« !
° ° R S
=] S | e
00 02 04 06 08 10 00 02 04 06 08 1.0
1-Specificity Correlation threshold
() (d)
Sensitivity |
< > 2
S O 5 « }
o o
g ° TS?R 999 (% o | 1-Speciicity |
Z o —-M _(0.99 - S |
c S| MSD( 0.98 e I
% p —SRD (0.98 z o° I
i FZ !
S ) =} N I
[ L
o o e
2 2 [
00 02 04 06 08 1.0 00 02 04 06 08 1.0
1-Specificity Correlation threshold

Figure 3 The analysis for the HLDAS (upper row) and HLDAG6
(lower row) datasets: ROC curves (a and c), and sensitivity/specifi-
city of the correlation based rule (b and d). The vertical line in the
second column of graphs shows the correlation threshold that leads
to the specificity of 0.95.

© 2005 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.de



Biometrical Journal 47 (2005) 5 749

with a different CD specificity for which the value of the dissimilarity score D(i, i;) exceeded the thresh-
old. We visualized the trade-off between the sensitivity and specificity of the assignment rule by plotting
the receiver operating curve (ROC), which shows the values of sensitivity and specificity for all possible
values of the threshold. A discussion of the usefulness of the ROC curves for evaluating the efficiency of
a classification rule may be found in Metz (1978), Hanley and McNeil (1982) and Hastie, Tibshirani and
Friedman (2001). Figures 3a and 3c show the ROC curves for the HLDAS and HLDAG data. We were
unable to calculate the MSD, SZ and SRD dissimilarities because the raw data for HLDAS dataset were
not available. The numbers in the legend are the values of the area under the ROC curve.

In both datasets we found that the correlation-based definition of dissimilarity was at least as effi-
cient as the other four definitions. It is easily interpretable, potentially less sensitive to the systematic
shift 8, ;1 (as discussed in Section 2.2.2), and very similar to the definition of the dissimilarity that is
successfully used in analyzing gene expression data (e.g. Paramigiani et al., 2003). We therefore
recommend using the correlation-based definition of dissimilarity as the default option, checking its
efficiency against the other suggested definitions of dissimilarity score by comparing the ROC curves
for a subset of antibodies of known specificity in the dataset of interest.

To simplify the interpretation of the scores, we also recommend displaying the correlation scores
r(i1, i) instead of the dissimilarity scores. The corresponding rule for evaluating the identity of CD
specificities assigns identical specificity to the antibodies if their correlation score r(iy,i,) exceeds the
threshold r7 and it otherwise concludes that CD specificity of antibodies is different. The choice of
the correlation threshold corresponding to the specificity of 0.95 leads to the sensitivity of 0.93 for the
HLDAS dataset and sensitivity of 0.95 for the HLDAG6 dataset. Figures 3(b) and 3(d) show the values
of the specificity and sensitivity resulting from the application of the correlation-based assignment
rule to the HLDAS5 and HLDAG datasets.

3 Suggested Approach to a Class Prediction Analysis

We define the average dissimilarity AD(i1, CD)) between the individual antibody #; that needs to be
classified and antibodies of known specificities from a certain cluster CD; as

Y. D1, i)

i € CDy

AD(ir, CDy) ===
CD,;

Here [ is the index of the CD cluster and N¢p, is the number of antibodies in the cluster. We suggest
to inspect visually the similarity between the profiles x7; of the adjusted mean log-fluorescence values
of the antibody #; with the corresponding profiles for antibodies contained in the subset of CD clusters
with the my smallest values of the AD(i;, CD;) scores. Gilks and Shaw (1995) present multiple exam-
ples of similar expression profiles of the X;;. An inspection of the profiles may lead to the additional
reduction of the number of the CD classes screened out for the visual comparisons of the sets of
fluorescence distributions/SiZer maps for their antibodies with the sets of fluorescence distributions/
SiZer maps for antibody i. Figure 4(b) provides an example where visual evaluation of the profiles
suggests that only assignment to the cluster with the smallest AD(i;, CD;) score is of interest.

The value my may be crudely estimated by the simple “one out” analysis of the panel of n antibo-
dies of known specificity representing C known clusters. In this analysis, each of the of the n antibo-
dies is removed from the panel and it is assumed that correct classification of the remaining n — 1
antibodies is known. For each of the removed antibodies i, we record whether the correct CD assign-
ment is included in the subset of the m CD clusters with the smallest average dissimilarity scores,
varying m in the range m = 1,..., C. For each value of m, the localization error rate is defined as the
proportion of the antibodies for which the correct CD assignment is not included into the set of the m
most similar clusters. The value mjg that leads to the small localization error is then conservatively
chosen. We anticipate that in many cases the value my = 10 may be used as the default.
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Figure 4 (a): Localization error rate for the assignment of
the antibody to the set of m clusters with smallest average
dissimilarity scores. (b): The profiles of xj; for the particular
antibody i; and antibodies from six CD clusters with the
smallest AD (i1, CD;) scores. The indexes of cell populations
J are sorted by the Xj!; values.

Figure 4(a) shows the result of the “one-out” analysis for a subset of HLDAS data. Excluded from
the subset were antibodies of unknown specificities, antibodies with “dim” fluorescence patterns as
defined in Section 2.3, and samples for antibodies from CD clusters that contained less then two
antibodies. The resulting dataset contained the values of the scaled mean log-fluorescence for p = 110
cell populations stained by n = 168 antibodies from C = 65 classes. The details of the scaling of the
log-fluorescence values can be found in Gilks and Shaw (1995). For the suggested default choice of a
dissimilarity measure based on the correlation scores, assignment to the ‘“‘most similar” class was
correct for 87.6% of antibodies and the correct CD cluster was always included in the set of my = 6
classes. Figure 4(b) compares the profile of Xj; values for an antibody from the CD063 cluster with
the profiles of antibodies from the my = 6 CD clusters with the smallest AD(i;, CD;). The thick solid
line shows the X7 ; values and the thin solid line shows the mean of the corresponding values for the
antibodies within each of the particular CD clusters. The gray shading shows the region that includes
the minimum and maximum values of x{; within the cluster. The label above the traces contains the
number of the CD cluster and number of the antibodies of known specificity representing this cluster
in the dataset. The values were rescaled by multiplying all of the values reported by Gilks and Shaw
by the single scaling factor.

There is a remarkable fit between the profile for the antibody of interest and the profiles of the
antibodies from its cluster (CD063), while the similarity with the profiles of antibodies from the
remaining clusters is noticeably weaker.

4 Suggested Approach to a Class Discovery Analysis

The panel used for the class discovery analysis contains the n; antibodies of known specificity and the
ny antibodies of unknown specificity. The goal of the class discovery analysis is to identify the pairs/
groups among the n, antibodies with unusually high similarity/low dissimilarity scores. We assume
that the class discovery analysis follows the class prediction analysis and that none of the antibodies
of unknown specificity belongs to any of the known CD clusters. We note that identification of a
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single pair (i1,i;) of antibodies with the identical CD specificity by analyzing the blind panel data
with subsequent confirmation of the identical specificity by biochemical analysis may be sufficient for
discovery of the CD. The cost of screening this pair out of the subsequent biochemical analysis is
therefore very high. Any of the dissimilarity definitions discussed in Sections 2.2.1-2.2.5 may be used
to detect antibodies with an unusually high similarity of fluorescence distributions. We will illustrate
the approach by using the correlation-based dissimilarity score D(ij,i;) = 1 — (i1, i), and by display-
ing the correlation score r(iy,i,).

We recommend selecting the pairs (i1, i) with the values of r(i1, i) exceeding the threshold value
rr for the subsequent visual inspection of the stacks of densities of log-fluorescence distributions/
SiZer maps. The effort required for visual inspection of images similar to the ones presented on
Figures 1 and 2 is negligible in comparison to the effort invested in collecting panels of flow cytome-
try data and the effort invested in designing and implementing the subsequent biochemical experi-
ments. We therefore believe that setting the correlation threshold at a relatively low value is justified
and suggest using the value of the 95% quantile of the distribution of the correlation score for the
pairs of antibodies with different specificity as the threshold rr.

As an example, Figure 5 presents an analysis of the panel of antibodies (n =95, p = 20) which
includes a group of n; = 25 antibodies from known CD clusters and n, = 70 antibodies of unknown
specificity. This dataset is very similar to the setting of the HLDAG6 experiment as described by Ma-
son et al. (1997). Similarly to the analysis presented in Section 3, we added 15 antibodies of known
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Figure 5 (a): Boxplots of the correlation score distributions
for the pairs of identical and different CD specificity formed by
25 antibodies of known specificity. The horizontal line shows
the suggested threshold value of the correlation rr = 0.77
which corresponds to the 95% quantile of the distribution of the
correlation scores among the pairs of antibodies with different
specificities. (b): Correlation scores for 70 antibodies to be clas-
sified. The shaded symbols mark the pairs of antibodies with
correlation scores exceeding the threshold. The dots mark pairs
with biochemically confirmed identical CD specificity of anti-
bodies. The re-ordering of antibodies is described in Section 4.
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specificity to the dataset and eliminated “‘dim” antibodies. Figure 5(a) shows the boxplot for the
distribution of correlation scores observed in a sample of 24 pairs of antibodies of identical specificity
and the boxplot for distribution observed in a sample of 276 pairs of antibodies from different CDs.
The horizontal line shows the suggested threshold value of the correlation rr = 0.77 which corre-
sponds to the 95% quantile of the distribution of the correlation scores among the pairs of antibodies
with different specificity. The n, = 70 antibodies of unknown CD specificity form 2415 pairs which
include 74 pairs with a correlation score that exceeds the threshold. The CD specificity of 29 of the
70 antibodies to be classified in our illustrative example is known. Twelve out of the 14 currently
confirmed pairs of antibodies with identical CD specificity were included into the set of 74 pairs
screened out by our approach for future inspection.

In our opinion clustering of antibodies may play a limited but useful role in the class discovery
analysis. It is well known (e.g. Hastie, Tibshirani and Friedman, 2001) that, for an indexed set of
objects with a defined pair-wise dissimilarity score, the dissimilarity between the objects with the
adjacent indexes may be decreased by hierarchical clustering of the objects and re-indexing them so
that their order is consistent with the order of the objects in the dendrogram. This re-ordering is not
unique. The structure of the dendrogram depends on how intercluster dissimilarity is defined, with
possible definitions including single-linkage, complete linkage and group average (e.g. Kaufman and
Rousseeuw, 1990). In addition, for any given dendrogram and n objects there are 2"~! possible order-
ings of the objects consistent with the structure of a tree. This non-uniqueness of the ordering is
unimportant for our purposes. However, for the unique definition of the suggested approach, we re-
commend using the group average linkage method and the default ordering of the elements in a
dendrogram used in the S-plus package. For this ordering, the subtree with the tighter cluster is placed
to the left at each merge. We recommend re-ordering antibodies of unknown specificity in this manner
and displaying the map of the re-ordered matrix of the correlation scores. The pairs of the correlation
scores with the values exceeding the threshold are then highlighted. Figure 5(b) shows the map of the
lower diagonal portion of the symmetric matrix of correlation scores for 70 antibodies of unknown
specificity from our illustrative dataset. The gray shading marks the pairs of antibodies with correla-
tion scores exceeding the rp = 0.77 threshold. The dots mark the pairs of antibodies with the con-
firmed identity of their CD specificities. In this example the thresholding reduced the number of pairs
to be investigated by a factor of 30 and clustering-based re-ordering provided a convenient grouping
of the 74 selected pairs of antibodies for subsequent visualization.

5 Conclusion

We have discussed an important biomedical problem of classifying newly discovered monoclonal anti-
bodies based on panels of flow cytometry data (blind panels), where the objects of classification are
characterized by a set of samples of univariate iid observations. To the best of our knowledge the
problem has attracted only limited attention from statisticians (Spiegelhalter and Gilks, 1987; Gilks,
Oldfield and Ratherford, 1989; Gilks and Shaw, 1995).

We suggest an approach to analyzing blind panel data that is similar in spirit to previously used
approaches but differs in important implementation details. We demonstrated the usefulness of separat-
ing the analysis of the blind panel data into class prediction and class discovery, suggested several
new definitions of dissimilarity scores that can be used for quantifying the pair-wise dissimilarity
between antibodies, and recommended a flexible semi-automatic approach to classification analysis. In
this approach the automatic algorithm is used as a screening tool that suggests to the analyst the
subset of the “most appropriate” classifications of antibody in class prediction analysis, or the ‘“‘most
similar” pairs/groups of the antibodies in class discovery analysis. It focuses the attention of the ana-
lyst on the visual analysis of the raw data for the subset of the most relevant objects. We also empha-
sized the usefulness in this analysis of the statistical methodology (SiZer maps) developed by Chaid-
hurri and Marron (1999).
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We demonstrated the potential usefulness of the simplest approaches to the class prediction and
class discovery analysis by illustrative analysis of several blind panels. The suggested algorithm
speeds up the analysis of a flow cytometry data by a factor of 10-20. Class prediction and class
discovery analysis of blind panel have many unique features, such as a large number of possible
classes within the panels, that contain a small number of objects (e.g. 2—10) per class, the moderate
length (p = 20 — 100) of the list of features describing an individual object, and a complex character-
ization of the individual features by kernel density estimates of fluorescence distributions or SiZer
maps. We therefore anticipate that many different approaches to the development of an optimal statis-
tical methodology for the design and analysis of the blind panel experiments will be developed and
tested in the future.

We also expect greater involvement from statisticians in designing and analyzing flow cytometry
experiments. Interested readers are referred to the classic book on flow cytometry (Shapiro, 2003),
several papers written by statisticians (Eudey, 1996; Baggerly, 2001) and statistical software developed
by A. Rosini and his group (http://www.analytics.washington.edu/downloads/rflowcyt) for the Biocon-
ductor project.
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