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Abstract

The blind panel collected for the 8th Human Leucocyte Differentiation Antigens Workshop (HLDA8; http://www.hlda8.org)

included 49 antibodies of known CD specificities and 76 antibodies of unknown specificity. We have identified groups of

antibodies showing similar patterns of reactivity that need to be investigated by biochemical methods to evaluate whether the

antibodies within these groups are reacting with the same molecule. Our approach to data analysis was based on the work of

Salganik et al. (in press) [Salganik, M.P., Milford E.L., Hardie D.L., Shaw, S., Wand, M.P., in press. Classifying antibodies

using flow cytometry data: class prediction and class discovery. Biometrical Journal].

D 2005 Elsevier B.V. All rights reserved.
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1. Introduction

In the early HLDA workshops (Bernard et al.,

1984; Reinherz et al., 1986; McMichael et al., 1987;

Knapp et al., 1989; Schlossman et al., 1995; Kishi-
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moto et al., 1997), proving that two independent anti-

bodies bound to the same antigen with a novel

molecular structure was both sufficient and necessary

to designate a new CD specificity. Panels of flow

cytometry data (conventionally called bblind panelsQ)
have been used to characterize the reactivity pattern of

antibodies across cell populations of different lineages.

It was shown that similarity in the reactivity patterns of

newly discovered antibodies was a strong predictor of
thods 305 (2005) 67–74
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identity between their antigens. Blind panels were used

to identify the groups of antibodies showing similar

patterns of reactivity. Potential identity of specificity

within these groups of antibodies was then evaluated

by biochemical and molecular biological techniques,

resulting in the assignment of a CD number to the

antigen and the use of the same CD number to describe

antibodies that exhibited specificity to that antigen.

However, antigen cloning has rendered obsolete the

requirement of having at least two independent anti-

bodies of the same specificity to establish a new CD

molecule. It is now considered appropriate (Mason et

al., 2002) to establish a CD designation for a molecule

if its gene has been cloned and at least one specific

monoclonal antibody has been studied in the work-

shop. The role of flow cytometry data in the process of

discovering new CDs has therefore decreased. Never-

theless, detecting similarity in the reactivity patterns of

antibodies across a broad range of cell populations

may still lead to the identification of new CDs and to

assigning new antibodies to known CD clusters. This

follows in part from the difficulty and unpredictability

of molecular analysis, as it is more economically

attractive to only invest in such analyses (Western

blotting, immunoprecipitation) when several antibo-

dies have the same apparent specificity. Furthermore,

an analysis of antibody reactivity with antigenic post-

translational variants (e.g. carbohydrate epitopes) pro-

vides a necessary and useful complement to biochem-

ical and molecular analysis.

Biochemical and molecular characterization of

antigens provides valuable background information,

but users of antibodies against CD molecules are

primarily interested in their reactivity with cells and

tissues, which may vary in different applications.

Flow-cytometric analysis of antibody reactivity

ceased to be a major tool for discovering new mole-

cules, but it continues to be central to HLDA work-

shop analysis and biological investigation.

This paper describes the application of a recently

developed statistical methodology (Salganik et al., in

press) to detecting groups of antibodies of similar

reactivity in a panel of flow cytometry data collected

by HLDA8 participating laboratories.

The development of statistical methodology for the

design and analysis of blind panel experiments

attracted only limited attention from researchers (e.g.

Spiegelhalter and Gilks, 1987; Gilks et al., 1989; Gilks
and Shaw, 1995; Hallam et al., 1997; Salganik et al., in

press). Our approach to the analysis of the blind panel

data is similar in spirit but differs in important imple-

mentation details (see also Salganik et al., in press)

from the approaches used by Shaw et al. (1995) and

Hallam et al. (1997). The novelty of our approach is

that an automatic algorithm preselects a small subset

of antibody pairs with bunusually highQ similarity

scores for subsequent visual inspection of the paired

fluorescence staining profiles by a data analyst. This

approach is similar to that used when searching for

information on the Internet, where rapid search

engines help focus the user’s attention on the subset

of possibly relevant objects. Previously used algo-

rithms relied on summaries of the fluorescence inten-

sity distributions (e.g. means and percentages of

values above the threshold) in their evaluation of

similarity between the antibodies. The matrix of simi-

larity scores was used for hierarchical clustering of

antibodies, and the summary of the resulting clusters

was displayed in the form of a dendrogram. A data

analyst used the dendrogram to identify antibodies that

were clustered together and may therefore have iden-

tical specificity. However, the usefulness of this

approach is bounded by the well-known deficiencies

of hierarchical clustering. The structure of a dendro-

gram is often too sensitive to the intercluster similarity

definition (i.e. the choice between group average,

nearest neighbor and further neighbor methods) and

small changes in the data. In addition, it is often too

difficult to identify clusters based on visual inspection

of the dendrogram or even to estimate the number of

clusters in a dataset. Furthermore, important informa-

tion may be lost when the distribution of log-fluores-

cence is summarized by the mean or mean and

standard deviation. The partially automated approach

to the detection of similarity in reactivity patterns,

described herein, overcomes some of these limitations.

The analysis of the similarities in the staining

patterns of HLDA8 antibodies guided the subsequent

immunohistochemical and Western blot experiments

as described by Swart et al. (2005).
2. Materials and methods

The HLDA8 blind panel of flow cytometry data

included 49 antibodies of known CD specificity, 76
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antibodies of unknown CD specificity and 3 negative

controls. Each antibody was tested against 47 cell

populations producing more than 6,000 flow cyto-

metric assays. Each individual assay consisted of

fluorescence measurements from thousands of cells

(stained by an antibody or negative control) from a

particular cell population. The description of the cell

populations and antibodies is presented by Swart et al.

(2005).

Similarity in the pattern of distributions of fluores-

cence intensities across different cell populations

observed for a pair or group of antibodies suggests a

possible identity in their antigens. The goal of our

analysis was to detect pairs or groups of antibodies

with bunusually highQ similarity in reactivity patterns.
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The automated algorithm identified the small

subset of pairs formed by the 76 antibodies of

unknown CD specificity with the bunusually highQ
similarity in reactivity patterns and then we re-eval-

uated this assignment of similarity by the visual

comparison of the densities of log-fluorescence

distributions.

Fig. 1(a) and (b) provide an example of such a

comparison. The figures show the estimated probabil-

ity density functions (or bdensitiesQ for short) of log-
fluorescence distributions for p =47 cell populations

(U397,. . ., CBM) stained by the fluorescently labelled

antibodies 038 and 039 from the HLDA8 blind panel

and the distributions of a baseline log-fluorescence

observed with the negative control (unreactive) anti-
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body. The fluorescence of 5 of the 32 cell populations

(ACT.PBL, ACT.PBL.56, ACT.PBL.456, ACT.PBL.4,

ACT.PBL.19) increased dramatically after staining

with the antibodies, while the increase of fluorescence

associated with staining was negligible for the other

cell populations. This similarity in the expression pro-

files suggests that antibodies 038 and 039 may bind to

the same antigen.

A visual comparison of the densities of log-fluor-

escence required an evaluation of the significance of

the observed differences in their features. We dis-

cuss the details of our approach to this analysis in

Appendix A.

The pairs of antibodies with bunusually highQ
similarity in reactivity patterns were identified by

their elevated values of a sample correlation coeffi-

cient r (or Pearson’s product moment correlation

coefficient) between the baseline-adjusted mean

values (AMLF) of a log-fluorescence. The value of

AMLF for a particular antibody and cell population

quantifies the difference between the mean value of

log-fluorescence observed in this cell population

after its staining by the antibody and the mean

value of a baseline log-fluorescence observed in the

unstained cell population. The mean value of base-

line log-fluorescence was estimated by averaging the

mean log-fluorescence values observed in the control

experiments. Fig. 1(c) shows the AMLF values for

antibodies 038 and 039. The high value of the sam-

ple correlation coefficient (r=0.96) quantifies a sub-

stantial similarity in the reactivity patterns exhibited

by the antibodies, which can be confirmed by a

visual analysis of densities.

We designed the blind panel experiments so that

the panel included a btraining setQ containing 49

antibodies of known CD specificities. These antibo-

dies formed 1176 pairs of which 102 pairs were of

identical specificity. We used this part of the panel

for an empirical estimation of a correlation threshold

value rT which would then focus the visual analysis

of densities on only a small subset of antibody pairs

with correlation scores exceeding this threshold. The

threshold value (rT=0.721) was chosen as a 99%

quantile of the distribution of the correlation scores

for the 1074 pairs formed by the antibodies of known

different CD specificity. We assumed that the

btraining setQ of 1176 pairs was representative of

the general population of these sets and therefore
expected that the approach described should lead to

a high specificity of detection for pairs of unknown

antibodies with identical reactivities. Similar to our

previous experience with other datasets (Salganik et

al., in press), we found that the correlation scores for

the antibody pairs formed by the antibodies of iden-

tical CD specificity were on average much higher

than the correlation scores among the pairs with

different CD specificity. We classified as bunusually
similarQ the reactivities of the pairs of antibodies with
correlation scores exceeding the value rT=0.721 of

the quantile-based threshold. This classification rule

correctly identified all of the pairs formed by the

antibodies of known identical specificity in the

btraining setQ as bunusually similarQ. We expected

that application of this automatic algorithm utilizing

the quantile-based threshold to the detection of the

bunusually similarQ pairs amongst the 2850 pairs

formed by the antibodies of unknown CD specificity

would similarly lead to reasonably high values of

sensitivity and specificity. Fig. 2(a) shows the dis-

tributions of the correlation scores for the pairs

formed by the antibodies.

Fig. 2(b) shows an image of the correlation scores

for the panel of 125 antibodies of interest. We re-

ordered the antibodies and showed only the correla-

tions exceeding the threshold rT. The first 49 anti-

bodies (of known specificity) were re-indexed by

their known CD specificities and are displayed in

the following order: 8 antibodies from CD3, 7 anti-

bodies from MHCII, 7 antibodies from CD45RA, 6

antibodies from CD14, 4 antibodies from CD19, 3

antibodies from CD15, 3 antibodies from CD113, 3

antibodies from CD45, 2 antibodies from RAI,

2 antibodies from APT4, 1 antibody each from

CD44, CD45RB, BTCHAIN, FMLP receptor). The

remaining 76 antibodies (of unknown specificity)

were re-ordered to be consistent with the order on

the dendrogram representing the results of hierarch-

ical clustering (single linkage method) based on the

dissimilarity scores d =1� r. The clustering-based re-

ordering of objects (e.g. Hastie et al., 2001) increases

the similarity between the objects with adjacent

indices and thus improves the interpretability of the

correlation image.

Some experiments in the panel were intentionally

not performed, because they were thought to be

redundant. It was assumed that if the experiment
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with a cell population shows no staining with anti-

body then the corresponding experiments with the

subpopulations of this cell type may be unnecessary.

Two different approaches were considered to calculat-

ing correlation coefficients. In the first approach, the

calculation of a correlation coefficient was based on

the non-missing values of AMLF. In the second

approach we imputed AMLF=0 values as an outcome

of the intentionally omitted experiments and treated

these as if they were observed. Resulting values of

correlation coefficients obtained by using these

approaches were very similar and we used the values

of correlation coefficients based on the imputation

method.
3. Results

In a set of 2850 pairs formed by antibodies of

unknown CD specificity we found 60 pairs (2.1%,

formed by 49 antibodies) with correlation coeffi-

cients exceeding the threshold 0.721 value. Visual

inspection of the densities suggested that biochem-
ical investigation of the similarity of CD specificity

for 28 of these pairs (formed by 25 antibodies)

was warranted. Fig. 3 shows the correlation scores

for these antibodies, which were re-ordered using

the correlation-based hierarchical clustering des-

cribed in Section 2. The minimum correlation score

for these pairs was equal to 0.722. For convenience

we organized the antibodies in 8 groups such that each

of the antibodies within the groups had high correla-

tion of the baseline adjusted log-fluorescence (AMLF)

values with the AMLF values for at least one of

the antibodies within the same group and low correla-

tion with the AMLF values for antibodies in other

groups. We predict that some of the antibodies

within these groups may have identical CD specificity.

This hypothesis will be investigated by molecular

methods.

The correlation scores for 22 pairs formed by anti-

bodies of unknown CD specificity with the antibodies

of known CD specificity exceeded the 0.721 thresh-

old. We visually inspected the fluorescence staining

profiles for these pairs and found that reactivity pat-

terns associated with antibodies 402, 413 and 636
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were similar to those of antibodies from the CD15,

PAI and CD14 clusters.
4. Discussion

We used an approach for detecting antibodies

with similar reactivities suggested by Salganik et

al. (in press). We started from a preliminary auto-

matic detection of a small subset of the pairs

formed by the antibodies of unknown CD specifi-

city that had bunusually highQ correlations between

their baseline-adjusted log-fluorescence values. The

similarity in the reactivities of these antibodies was

re-evaluated by visual inspection of the fluorescence

distributions of log-fluorescence. We found several

groups of antibodies with highly similar reactivity

patterns.

An empirically selected 99% quantile threshold

correctly detected all of the pairs of the identical CD

specificity in the training dataset and reduced by a

factor of approximately 50 the number of pairs requir-
ing detailed visual comparison of their densities. Our

limited experience with the analysis of several blind

panel datasets (see Salganik et al., in press for some

examples) illustrates the potential value of this novel

approach.

While the initial results of the data analysis look

encouraging we emphasize that a detailed compar-

ison of the existing approaches and the subsequent

analysis of multiple blind panel datasets is required

before any of the methods may be recommended as

a standard. This work will require a non-trivial

additional effort because the collection of the

blind panel data requires a substantial effort of

multiple laboratories (e.g. Swart et al., 2005) and

publicly available datasets are scarce. In spite of

these technical difficulties we anticipate that the

current methodology as well as many other differ-

ent approaches to the analysis of blind panel

experiments will be further developed and tested

in the future.
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Appendix A. Estimation and comparison of densities

of log-fluorescence distributions

Each of the density estimates displayed in Fig. 1

was obtained by an application of the kernel density

estimation procedure described by e.g. Wand and

Jones (1995) to the raw log-fluorescence values.

This estimate may be viewed as a smoothed alterna-

tive to the histogram that is more familiar to biome-

dical researchers.

Let x denote a value of log-fluorescence. A histo-

gram estimate of the density of log-fluorescence dis-

tribution may be obtained by dividing the range (xmin,

xmax) of the observed log-fluorescence values into B

histogram bins of equal width D =(xmin�xmax) /B
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and estimating the density at an arbitrary point

x as

f̂f H x;Dð Þ

¼ number of observations in bin containing x

nD
;

where n is the number of observations in the sam-

ple. Fig. 4 shows two histogram density estimates

obtained from the sample of n =207 log-fluores-

cence measurements observed in the cell population

ACT.PBL.56 after staining the cells with antibody

038. This relatively small sample of observations

was obtained by a selection of the data for a

relevant cell population (i.e. by gating) from a

much larger dataset of a multi-color flow cytometry

measurements.

A comparison of the estimates based on the differ-

ent values of a bbinwidthQ D illustrates the well known

dependence of the density estimate from the choice of

the smoothing parameter’s values. A stronger smooth-

ing of the original data achieved by an increase of a

bbinwidthQ D leads to the desirable decrease of varia-

bility of a density estimate and the undesirable

decrease in the spatial resolution of the resulting

curve.

In ourworkwe estimated densities of log-fluorescence

using a kernel density estimator with a Gaussian kernel

and selected a bbandwidthQ parameter h by the normal

reference rule (see Wand and Jones, 1995 among
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others). The resulting density estimate is shown in

Fig. 4.We also used the bSiZerQ statistical methodology

developed by Chaudhuri and Marron (1999) and

the software developed by J.S. Marron (http://www.

stat.unc.edu/faculty/marron.html) for evaluating the

statistical significance and sensitivity of the observed

multi-modality in the log-fluorescence distributions to

the choice of the smoothing parameter.

Fig. 5 illustrates the importance of the visual com-

parison of densities of log-fluorescence for the eva-

luation of the similarity of specificities of antibodies.

It shows the density estimates for the fluorescence

distributions observed in the cell populations

ACT.PBL.56 stained by the antibodies 038, 039,

041 and 406. These curves demonstrate an important

difference in the distributions of fluorescence: anti-

bodies 038 and 039 have bimodal distributions of

fluorescence while the fluorescence distributions for

antibodies 041 and 406 are unimodal. An application

of the methodology of Chaudhuri and Marron (1999)

showed that the presence of a subpopulation with low

values of log-fluorescence in the populations of cells

stained by the antibodies 038 and 039 was statistically

significant and may be detected at multiple levels of

spatial resolution, corresponding to multiple values of

http://www.stat.unc.edu/faculty/marron.html
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the bandwidth h. The qualitative difference in the

features of fluorescence distributions suggests that

the antibodies 038 and 039 are likely to bind to

different antigens than antibodies 041 and 406.
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