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Abstract

Antibody microarrays enable extensive protein expression profiling, and provide a valuable complement to DNA
microarray-based gene expression profiling. In this study, we used DotScanTM antibody microarrays that contain antibodies
against 82 different cell surface antigens, to determine phenotypic protein expression profiles for human B cell sub-popu-
lations. We then demonstrated that the B cell protein profile can be used to delineate the relationship between normal B
cells and malignant counterparts. Principle component analysis showed that the lymphomas did not cluster with the nor-
mal memory B cells or germinal centre B cells, but they did cluster with germinal centre founder cells and naı̈ve B cells.
� 2008 Elsevier Ireland Ltd. All rights reserved.
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1. Introduction

The integration of transcriptomics and proteomics
is a key issue for the emerging field of systems biology.
Transcriptomics has for the last 5–10 years been dom-
inated by DNA microarray-based approaches, and
today the entire human transcriptome can be ana-
lyzed on a single array. Transcriptomics has also pro-
ven useful for delineating the molecular mechanisms
behind different diseases [1], development of new
diagnostic approaches (www.roche-diagnostics.com)
0304-3835/$ - see front matter � 2008 Elsevier Ireland Ltd. All rights
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and identification of novel biomarkers [2]. However,
mRNA analysis needs to be complemented by analy-
sis of the proteome, as many gene products are post-
translationally modified and regulated. Proteome
analysis has traditionally been based on a sample sep-
aration technique, e.g. 2D gels or liquid chromatog-
raphy, combined with mass-spectrometry [3].
Alternative approaches, such as antibody micro-
arrays are rapidly emerging, providing valuable tools
for multiplex detection of proteins [4–8].

However, antibody microarrays available today
can only target a fraction of the proteome. For
the analysis of leukocyte sub-populations and hae-
matopoietic malignancies, the human cluster of dif-
ferentiation (CD) antigens comprise a defined and
reserved.
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highly relevant part of the proteome [9]. The CD
antigens are a well-characterised set of molecules
united by their common expression on the surface
of leukocytes and their essential roles in the immune
system. The DotScan antibody microarray tech-
nique, developed by Belov et al. [10–12], is based
on the capture of live cells on the microarray slide,
in contrast to conventional antibody microarrays,
which detect soluble antigens. DotScan microarrays
contain antibodies against 82 different cell surface
antigens (mainly CD-markers), and recently, these
arrays have been used to analyze a large set of acute
leukemias and B-lymphoproliferative disorders,
demonstrating that expression profiles alone were
sufficient to correctly classify these leukemias [13].

B cells are a sub-population of leukocytes that play
a key role in the humoral immune system and their
primary function is to produce antibodies against
pathogens. On their developmental path to anti-
body-producing plasma and memory B cells, they
pass through several different stages of differentia-
tion. The phenotypic delineation of these different B
cell sub-populations was outlined for the human line-
age by Liu et al. [14] and recently revised by Höger-
korp and Borrebaeck [15]. An example of this
differentiation is when naı̈ve B cells (IgD+, CD23�)
encounter an antigen in conjunction with the appro-
priate T cell stimulation, they become activated and
differentiate into germinal centre (GC) founder B
cells (IgD+, CD38+). A few GC founder B cells will
then expand clonally and form a GC, containing
GC B cells (IgD�, CD38+) that will give rise to mem-
ory cells (IgD�, CD38�) and affinity matured anti-
body-producing plasma cells (IgD�, CD38++).

The different stages of B cell development involve
clonal expansion, somatic hypermutation, and class
switch recombination, events that make the B cell
vulnerable to malignant transformation. Since sev-
eral features of a non-malignant B cell are retained
in the transformed malignant B cell counterpart
[16], it is believed that B cell leukemias and lympho-
mas may resemble the B cell developmental stage
from which they originated [17]. For this reason, it
is important to delineate common features between
malignant and non-malignant B cells to distinguish
clinical markers for more accurate diagnosis and
therapeutic strategies. In this study, we have used
DotScanTM microarrays to immunophenotype sev-
eral different mature B cell sub-populations and
lymphoma samples. The resulting CD expression
profiles distinguished the normal B cell sub-popula-
tions and were subsequently used for analysis of the
lymphoma samples. In addition, we have compared
the CD antigen levels with transcriptional data
obtained from high-density oligonucleotide arrays.

2. Materials and methods

2.1. B cell sub-populations

Human tonsils were obtained from 6 paediatric patients
(aged between 2 and 16 years) undergoing routine tonsillec-
tomy at Lund University Hospital (Lund, Sweden). Briefly,
tonsils were minced and T cells were removed by rosetting
with neuraminidase-treated sheep red blood cells. Mono-
nuclear, T-cell-depleted, cells were isolated by density cen-
trifugation, using Ficoll-Isopaque (Amersham Pharmacia
Biotech AB, Uppsala, Sweden). The interphase fraction,
containing predominantly mononuclear B cells, was
washed in PBS containing FBS (10%). The total T cell
depleted fraction, approximately 1–1.5 � 109 cells, was
labeled with fluorescent antibodies in a stepwise process:
(1) anti-IgM (BD Biosciences, Franklin Lakes, NJ), (2) goat
anti-mouse-PE-Texas Red (Caltag, Carlsbad, CA), (3) anti-
CD27-FITC (BD Biosciences), anti-IgD-PE (Dako, Glost-
rup Denmark), anti-CD38-PECy7 (BD Biosciences),
anti-CD19-APCCy7 (BD Biosciences), anti-CD3-PB (BD
Biosciences) and anti-CD14-PB (BD Biosciences). Cell
sorting was performed on a FACS Aria (BD Biosciences).
The different B cell populations were isolated as naı̈ve
(CD19+, CD3/14�, IgD+, IgM+, CD38�, CD27�), GC
founders (CD19+, CD3/14�, IgD+, IgM+, CD38+,
CD27+/�), GC B cells (CD19+, CD3/14�, IgD�, IgM�,
CD38+, CD27+/�), Plasma cells (CD19+, CD3/14�, IgD�,
IgM�, CD38++, CD27+) and Memory cells (CD19+, CD3/
14�, IgD�, IgM�, CD38�, CD27+). Purity was confirmed
by reanalysis and was typically >97%. Each population
was sorted in three independent experiments, where the
starting material for each round of selection was tonsillar
lymphocytes pooled from two donors.

2.2. Isolation of lymphoma cells

Tumor samples were collected as diagnostic material
from patients at Uppsala University Hospital. Seven lym-
phomas were analyzed, four Diffuse Large B Cell Lym-
phoma with non-GC phenotype [18] (DLBCL non-GC),
one Chronic Lymphocytic Leukemia (CLL) and two Follic-
ular Lymphomas (FL). The tumor samples were kept fro-
zen as single-cell suspensions in media supplemented with
10% DMSO. After diagnosis, the cells were thawed at
37 �C and suspended in growth medium (1% L-glutamine/
10% FCS/1% non-essential aminoacids/RPMI 1640). Cells
were stained with anti-CD19-PB, anti-CD3-FITC (BD Bio-
sciences) anti-immunoglobulin lambda light chain-PE
(Dako) and anti-immunoglobulin kappa light chain-APC
(BD Bioscience). The cells were sorted as CD19+, CD3�,
lambda+ or kappa+ (or lambda� and kappa�). An analytic
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fraction of the cells was stained with PI to set a FSC and
SSC-gate for purification of the viable cells. Purity was con-
firmed by reanalysis and was typically >97%.

2.3. Preparation of Affymetrix U133 plus 2.0 GeneChip

microarrays

The samples and arrays were prepared according to the
manufacturers protocols (Affymetrix, Inc., Santa Clara,
CA, USA) [19]. Briefly, tRNA was isolated (Poly-A RNA
control Kit), and cDNA synthesized and transcribed
in vitro overnight (Two-cycle cDNA Synthesis Kit). The
cRNA was cleaned (IVT cRNA Cleanup Kit) and subjected
to a second round of amplification (Two-Cycle cDNA Syn-
thesis Kit). After cleanup (Sample Cleanup Module) the
cRNA was labeled with biotin (IVT Labeling Kit), and
the biotinylated cRNA was further cleaned (Sample
Cleanup Module) and fragmented for 1 h. After hybridiz-
ing the fragments to the array for 16 h, streptavidin–phyco-
erythrin and biotinylated anti-streptavidin antibodies were
used for detection. The arrays were scanned using a Gene-
Chip Scanner 3000 (Affymetrix).

2.4. Antibody microarray analysis

DotScanTM antibody microarray Chips (Leukaemia &
Lymphoma Diagnostic Chip) were obtained from Medsa-
ic Pty. Ltd. (Eveleigh, Australia). The construction of the
antibody microarray Chips has been described previously
[10,11] and a full list of the antibodies can be found on the
website www.medsaic.com. Sorted B cell populations or
lymphoma samples (2 � 106 cells) were washed with
PBS, resuspended in 150 lL PBS containing 1 mM EDTA
and incubated for 1 h on the microarray Chip. Unbound
cells were removed by gentle washing with PBS, and the
Fig. 1. Image of a B cell sample analyzed on a DotScanTM antibody micr
(marked as dashed boxes). Anti-CD44 spots applied down the left and
antibody addresses. Anti-CD44 titrations are shown at the top and b
captured on a dot.
captured cells were fixed with 4% formaldehyde in PBS
and imaged. The dot intensities for each duplicate antigen
were quantified using the ScanArray Express software
V2.0 (Perkin Elmer Life and Analytical Sciences, Wal-
tham, MA). The background signals were subtracted,
and the data were scaled on a 256 bits greyness scale, as
described previously [11], and log2 values were calculated.

2.5. Statistical analysis

The logarithm (base 2) of the DotScanTM data was calcu-
lated and used for the ANOVA test, and thereafter Z-score
normalized. Hierarchical clustering and Principal Compo-
nent Analysis (PCA) were performed using the un-weighted
pair-group method on the arithmetic mean, using the Spot-
fire 8.2 Decision Site software. The data from the GC sub-
populations in the GeneChip microarray analysis [20] were
merged to generate a representative comparison with the
proteome data analysis. The GeneChip was treated identi-
cally to the DotScanTM data. Supplementary Table 1 pro-
vides a detailed list of the detection antibodies and the
Affymetrix probes used for this study. For calculation of
the correlation coefficients for the lymphoma samples, the
log2 data were normalized by dividing the data from each
sample by the mean value of all samples. The relative levels
of all CD-markers present and detected on both platforms
were correlated and the R-values were calculated.

3. Results and discussion

3.1. CD-marker profiling of B cell sub-populations

We used antibody CD-microarray Chips to analyze
sub-populations of B cells, to identify phenotypic expres-
sion profiles that discriminate between these populations.
oarray, where each antibody is spotted in two identical sub-arrays
right sides of the duplicate arrays provide array alignment define
ottom of the array. The magnified image shows individual cells

http://www.medsaic.com
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Four different B cell sub-populations were isolated from
tonsils, using flow cytometry based cell sorting. Naı̈ve B
cells, GC founder B cells (GCF), GC B cells, and memory
B cells were purified. The isolated B cell populations were
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Fig. 2. Hierachical clustering of CD antigen profiles showing differentia
from the antibody microarray data, and (B) clusters from the DNA mic
and black no change.
>97% pure, and 2 � 106 cells from each population were
used for the DotscanTM microarray analysis. To generate
a general immunophenotype for the different sub-popula-
tions, each population was sorted and analyzed on the
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Dotscan microarrays in three independent experiments,
where each round of sorting was based on pooled cells
from two donors. The four B cell sub-populations were
characterized on DotscanTM microarray Chips and the
resulting dot-patterns were quantified and analyzed.
Image analysis revealed highly specific dot-patterns for
each cell type, with low background binding (Fig. 1).
3.2. Hierarchical cluster analysis of the B cell sub-

populations

An ANOVA test was used to identify CD-markers that
were significantly expressed differentially between the dif-
ferent B cell sub-populations. This selective CD-marker
profile was then used for the hierarchical cluster analysis
(Fig. 2A), which revealed four well-separated clusters that
differentiated between the sub-populations. The naı̈ve B
cells display lower levels of CD19, CD20 and CD11a,
and like the memory B cells, they do not express the typ-
ical activation markers of B cells such as CD95 or CD86.
In contrast, these markers are highly expressed by the
activated GC founder cells, and GC B cells. The GC B
cells have down-regulated adhesion markers CD44,
CD49d and CD31 compared to the other populations,
whereas the memory B cell profile is distinguished by
up-regulation of CD11c. These phenotypic profiles, sum-
marized in Table 1, include some CD-markers that have
not been fully described for the different B cells sub-pop-
ulations, and others that were previously validated by
flow cytometry [15], and additional studies will be needed
to fully validate the profiles. For example, CD31
(PECAM-1) is down-regulated in follicular B cells [21];
however, its expression levels have not been compared
to those of naı̈ve GC founder and memory cells. Further-
Table 1
Phenotypic protein profile of normal B cell populations

Cell surface antigen Naı̈ve GC founder GC Memory

CD95 � � + �
CD86 � + + �
CD10 � + + �
CD19 � + + �
CD20 � + + +
CD11a � + + +
CD11c � � � +
sIg + + � �
CD23 + + � �
CD54 + + � �
CD31 + + � +
CD49d + + � +
CD44 + + � +

The average intensity of the three replicates for each sub-popu-
lation was calculated from the Z-score normalized data. The CD
antigens in the protein expression profile were classified as
positive (+) if the average was >0, or negative (�) if the average
was <0.
more, the expression levels of CD49d (VLA-4 alpha
chain) and CD54 (ICAM-1) have not been associated with
the B cell sub-populations described in this study,
although they may have a prognostic value for B cell
malignancies [22,23].

Having demonstrated that the antibody microarrays
can distinguish between B cell sub-populations, we ana-
lyzed the corresponding mRNA levels for the same
CD-markers. To facilitate a comparison of the antibody
microarray data with GeneChip microarray data for the
same cell populations, the CD-markers shared by Dot-
ScanTM and the GeneChip microarrays were identified
and analyzed (summarized in Supplementary Table 1).
Again we performed an ANOVA to identify the most
significant differentially expressed genes between the B
cell sub-populations, followed by hierarchical cluster
analysis (Fig. 2B). In concordance with the antibody
microarray analysis, the B cell populations were clearly
separated into four clusters. Interestingly, only eight
CD-markers from the gene profile overlapped with the
protein profile, as shown in the Venn diagram (Fig. 3),
demonstrating the importance of membrane protein pro-
filing for identifying individual B cell sub-populations
and their functional associations.

3.3. Analysis of lymphomas using the CD-marker protein

expression profile

B cell lymphomas preserve in many cases the pheno-
typic markers characteristic of the differentiation stage
at which the malignant transformation occurred [16,17].
The CD-marker expression profiles (Fig. 2A and Table
1) could be a valuable tool for investigating how different
lymphomas relate to normal B cell sub-populations. The
protein expression profiles would be of particular rele-
vance, as they could be compared to the diagnostic pro-
files obtained previously with DotscanTM for other
haematological malignancies [13].
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Fig. 3. Venn diagram showing the relationship between the
differentially expressed CD antigen profiles of B cell sub-
populations identified by antibody and DNA microarrays.
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To demonstrate the utility of the B cell protein pro-
file for correlating B cell lymphomas with normal B cell
populations, seven lymphoma samples were purified by
flow cytometry, and analyzed on the DotscanTM anti-
body microarray Chips and Affymetrix DNA micro-
arrays: four non-GC diffuse large B cell lymphomas
(non-GC DLBCL), two follicular lymphomas (FL)
and one chronic lymphocytic leukemia (CLL). The
expression profiles of the lymphomas were compared
with the normal B cell sub-populations, using PCA
(Fig. 4). PCA is a means of reducing the dimensionality
of a data set by assessing the covariance within the data
and representing that as new parameters (reviewed by
[24]). The outcome is a number of new parameters, in
which the greatest variance is represented in the first
few principal components. In Fig. 4, the resulting values
from the first two principal components are displayed
(PCA 1 and PCA 2). Thereby, the PCA reduced 13
dimensions, i.e. the signal intensities from the 13 CD-
markers differentially expressed between the B cell
sub-populations, to two dimensions. The proximity of
the different samples on the PCA-plot indicates their
relationship (i.e. how they cluster with each other), dem-
onstrating that the normal B cell sub-populations forms
four separated clusters (Fig. 4).
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Fig. 4. Principal component analysis (PCA) of CD antigen protein pro
phenotypic B cell protein profile. The axes represent scores in the prin
principal component. Four B cell sub-populations: memory B cells (M
(GC) and naı̈ve B cells (N) forms separate clusters. The proximity of the
diffuse large B cell lymphoma with non-GC phenotype (non-GC DLBC
(CLL) on the PCA-plot indicates their similarities, i.e. how they cluste
The PCA (Fig 4) showed that none of the malignant B
cells in this study clustered with the normal memory B
cells or GC B cells. Although none of the lymphomas
were expected to be of memory B cell origin, the FLs
are considered to have a GC origin. Interestingly, how-
ever, they clustered with GC founders and naı̈ve B cells
(Fig 4). FLs have been previously reported to display an
aberrant phenotype, diverging from the normal GC line-
age [25], and gene expression analysis has also revealed
a lack of resemblance to GC B cells [26]. It is possible that
this phenotypic difference may be attributed to the effect
of disease related changes in the follicular stroma, which
has been shown to differ from normal germinal centre fol-
licles in many cases [27]. The analysis also showed that
three of the four non-GC-DLBCLs clustered with GC
founder cells, while one sample had a distinctly different
profile. This correlates with a previous investigation, dem-
onstrating that the gene expression pattern of non-GC-
DLBCL resembles activated B cells more than GC B cells
[26].

Due to the sample number it is not yet possible for a
general conclusion of the relative levels of different CD-
markers on the lymphomas in relation to the normal B
cell populations, and the classification approach will be
further validated by analyzing a larger set of lymphoma
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samples. Supervised learning methods, such as support
vector machine (SVM) or similar methods, may be used
for automated classification of larger sample sets.
3.4. Correlation between mRNA and protein expression

level

To assess the correlation between the mRNA and pro-
tein expression levels, we calculated correlation coefficients
for the expression levels of the different CD-markers for the
lymphoma samples (Fig. 5). The average correlation coef-
ficient (R) of 0.29 was similar to that reported by Ström-
berg et al [28]. Four of the markers (16%; CD71, CD43,
CD9, HLA-DR) correlated significantly (R P 0.707), sim-
ilar to the correlation reported by Chen et al. [29]. We have
previously demonstrated a good correlation between phe-
notypes obtained by FACS analysis and mRNA data,
using a limited set of CD antigens [15].

However, since transcription, translation and expres-
sion of a surface antigen are dependent on sequence of
events subject to cellular regulation, the transcriptional
analysis would detect events before they are detectable
at the protein level, which has also been seen in other
studies [29–32]. For example, the activation-induced
expression of CD95 on memory B cells was detected at
the transcriptional level before the cell surface (Fig. 2),
which resulted in a poor correlation between gene expres-
sion and protein expression for CD95 (Fig. 5). Further-
more, the expression of a cell surface antigen such as a
receptor is also dependent on external factors such as
the level of cell activation. CD3 for instance, is known
to be down-regulated upon activation and is best visual-
ised by intracellular staining [33]. In addition, there may
be technical issues such as different limits of detection or
degrees of validation for the different array platforms
(reviewed by Hegde et al [31]).
In this study, we have determined a CD antigen expres-
sion profile for human B cell sub-populations, using CD-
antibody microarray Chips. The results have been used
for investigating the relationship between normal B cells
and their malignant counterparts, and provide phenotypic
information complementary to gene expression analysis.
We have demonstrated a correlation between the non-
GC-DLBCL and GC founder B cell profiles, and a lack
of correlation between the lymphomas and the memory
B cell or GC B cell profiles. These findings will be further
validated using a larger set of lymphoma samples before
more general conclusions are made.
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Supplementary Table 1. Cell surface antigens and Affymetrix probes 
 
Cell surface antigen Cell specificity Affymetrix probe
CD2 T-Cell 205831_at 
CD3 T-Cell 205456_at 
CD4 T-Cell 216424_at 
CD5 T-Cell 230489_at 
CD7 T-Cell 214049_x_at 
CD8 T-Cell 205758_at 
CD9 B-Cell 201005_at 
CD10 B-Cell 203434_s_at 
CD13 Myeloid 234576_at 
CD14 Myeloid 201743_at 
CD15 Myeloid 209892_at 
CD16 NK 204007_at 
CD19 B-Cell 206398_s_at 
CD20 B-Cell 228592_at 
CD21 B-Cell 205544_s_at 
CD22 B-Cell 38521_at 
CD23 B-Cell 206759_at 
CD24 Other 266_s_at 
CD25 T-Cell 206341_at 
CD28 T-Cell 206545_at 
CD29 Other 215879_at 
CD30 Other NA 
CD31 Other 208981_at 
CD32 Other 1565674_at 
CD33 Myeloid 215856_at 
CD34 SC 209543_s_at 
CD36 Myeloid 228766_at 
CD37 B-Cell 204192_at 
CD38 B-Cell 234187_at 
CD40 Other 215346_at 
CD41 Myeloid 217472_at 
CD43 Other 211567_at 
CD44 Other 212063_at 
CD45 Additional 212588_at 
CD52 Other 34210_at 
CD54 Other 202638_s_at 
CD56 NK 227394_at 
CD57 NK 219521_at 
CD60 Other NA 
CD61 Myeloid 211579_at 
CD64 Myeloid 216951_at 
CD65 Myeloid NA 
CD71 Other 208691_at 
CD77 B-Cell NA 
CD80 Other 1554519_at 
CD86 Other 205685_at 
CD88 Myeloid 220088_at 
CD95 Other 204780_s_at 



CD102 Other 204683_at 
CD103 Additional 205055_at 
CD117 SC 205051_s_at 
CD122 Other 205291_at 
CD126 Other 226333_at 
CD128 Other 207094_at 
CD130 Other 234967_at 
CD134 Other 208023_at 
CD135 SC 206674_at 
CD138 B-Cell 201286_at 
CD154 Other 207892_at 
CD11a Other 1554240_a_at 
CD11b Myeloid 205785_at 
CD11c Other 210184_at 
CD120a Other 207643_s_at 
CD1a T-Cell 210325_at 
CD235a Myeloid 1559520_at 
CD42a Myeloid 206883_x_at 
CD49d Other 213416_at 
CD49e Other 201389_at 
CD62E Other 206211_at 
CD62L Other 204563_at 
CD62P Myeloid 204563_at 
CD66c Myeloid 203757_s_at 
CD79a B-Cell 1555779_a_at 
CD79b B-Cell 1555746_at 
HLA-DR B-Cell 208894_at 
kappa B-Cell NA 
lambda B-Cell NA 
sIg B-Cell NA 
TCRa/b T-Cell NA 
TCRg/d T-Cell NA 
CD45RA Additional NA 
CD45RO Additional NA 
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