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ANTIBODY CATEGORIZATION BASED ON 
BINDING CHARACTERISTICS 

RELATED APPLICATIONS 

0001. This application is a continuation of U.S. Nonpro 
visional patent application Ser. No. 13/480.356, filed May 24, 
2012 and now U.S. Pat. No. 8,568,992, which is a continua 
tion of U.S. Nonprovisional patent application Ser. No. 
127823,104, filed Jun. 24, 2010 and now U.S. Pat. No. 8,206, 
936, which is a continuation of U.S. Nonprovisional patent 
application Ser. No. 10/309.419, filed Dec. 2, 2002, now U.S. 
Pat. No. 7,771.951, which claims priority to U.S. Provisional 
Patent Application Ser. No. 60/337,245, filed Dec. 3, 2001, 
and U.S. Provisional Patent Application Ser. No. 60/419,387, 
filed Oct. 16, 2002, all of which are hereby incorporated by 
reference herein. 

FIELD OF THE INVENTION 

0002 The present invention relates to grouping antibodies 
based on the epitopes they recognize and identifying antibod 
ies having distinct binding characteristics. In particular, the 
present invention relates to antibody competition assay meth 
ods for determining antibodies that bind to an epitope, and 
data analysis processes for dividing antigen-specific antibod 
ies into clusters or “bins' representing distinct binding speci 
ficities. Specifically, the invention relates to the Multiplexed 
Competitive Antibody Binning (MCAB) high-throughput 
antibody competition assay and the Competitive Pattern Rec 
ognition (CPR) data analysis process for analyzing data gen 
erated by high-throughput assays. 

BACKGROUND OF THE INVENTION 

0003 Monoclonal antibodies (mAb) show an important 
therapeutic utility in the treatment of a wide variety of dis 
eases Such as infectious diseases, cardiovascular disease, 
inflammation, and cancer. (Storch (1998) Pediatrics 102:648 
651; Coller et al. (1995) Thromb. Haemostasis 74:302-308: 
Present et al. (1999) New Eng. J. Med. 6:1398-1405; Gold 
enberg (1999) Clin. Ther: 21:309-318). Cells produce anti 
bodies in response to infection or immunization with a for 
eign Substance or antigen. The potential therapeutic utility of 
monoclonal antibodies is in part due to their specific and 
high-affinity binding to a target. Antibodies bind specifically 
to a target antigen by recognizing a particular site, or epitope, 
on the antigen. With the use of the recently developed Xen 
oMouse(R) technology (Abgenix, Inc., Fremont, Calif.) 
together with established procedures for hybridoma cells or B 
cells (Kohler and Milstein (1975) Nature 256:495-497) and 
isolating lymphocytes (Babcook et al. (1996) Proc. Natl. 
Acad. Sci. 93.7843–7848), it is possible to generate large 
numbers of antigen-specific human monoclonal antibodies 
against almost any human antigen. (Green (1999).Jnl. Immu 
mol. Methods 231:11-23, Jakobovits et al. (1993) Proc. Natl. 
Acad. Sci. U.S.A., 90:2551-2555, Mendez et al. (1997) Nat. 
Genet. 15:146-156; Green and Jakobivits, J. Exp. Med. 
(1998), 188:483-495). 
0004. The large numbers of antibodies generated againsta 
particular target antigen may vary Substantially in terms of 
both how strongly they bind to the antigen as well as the 
particular epitope they bind to on the target antigen. Different 
antibodies generated against an antigen recognize different 
epitopes and have varying binding affinities to each epitope. 
In order to identify therapeutically useful antibodies from the 
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large number of generated candidate antibodies, it is neces 
sary to screen large numbers of antibodies for their binding 
affinities and epitope recognition properties. For this reason, 
it would be advantageous to have a rapid method of screening 
antibodies generated against a particular target antigen to 
identify those antibodies that are most likely to have a thera 
peutic effect. In addition, it would be advantageous to provide 
a mechanism for categorizing the generated antibodies 
according to their target epitope binding sites. 

SUMMARY OF THE INVENTION 

0005. The present disclosure provides methods for catego 
rizing antibodies based on their epitope binding characteris 
tics. One aspect provides methods and systems for determin 
ing the epitope recognition properties of different antibodies. 
Another aspect provides data analysis processes for cluster 
ing antibodies on the basis of their epitope recognition prop 
erties and for identifying antibodies having distinct epitope 
binding characteristics. Antibody categorization or “binning 
as disclosed and claimed herein encompasses assay methods 
and data analysis processes for determining the epitope bind 
ing characteristics of a pool of antigen-specific antibodies, 
clustering antibodies into “bins' representing distinct epitope 
binding characteristics, and identifying antibodies having 
desired binding characteristics. 
0006. The method for categorizing antibodies based on 
binding characteristics includes: 
0007 a) providing a set of antibodies that bind to an anti 
gen, labelling each antibody in the set to form a labelled 
reference antibody set such that each labelled reference anti 
body is distinguishable from every other labelled reference 
antibody in the labelled reference antibody set, selecting a 
probe antibody from the set of antibodies that bind to the 
antigen, contacting the probe antibody with the labelled ref 
erence antibody set in the presence of the antigen, detecting 
probe antibody in a complex that includes a labelled reference 
antibody bound to antigen, the antigen, and probe antibody 
bound to antigen; and 
0008 b) providing input data representing the outcomes of 
at least one antibody competition assay using a set of anti 
bodies that bind to an antigen as in step a), normalizing the 
input data to generate a normalized intensity matrix. comput 
ing at least one dissimilarity matrix comprising generating a 
threshold matrix from the normalized intensity matrix and 
computing a dissimilarity matrix from the threshold matrix, 
and clustering antibodies based on dissimilarity values in 
cells of the dissimilarity matrix, to determine epitope binding 
patterns of set of antibodies that bind to an antigen. The input 
data can be generated by a high throughput assay, preferably 
by the Multiplexed Competitive Antibody Binning (MCAB) 
assay. Preferably, the Competitive Pattern Recognition pro 
cess is used for data analysis. 
0009 For the antibody competition assay method, the 
probe antibody may be labelled, and detected in a complex 
that includes a labelled reference antibody bound to antigen, 
antigen, and labelled probe antibody bound to antigen, which 
allows determination whether the labelled probe antibody 
competes with any reference antibody in the labelled refer 
ence antibody set, because competition indicates that the 
probe antibody binds to the same epitope as another antibody 
in the set of antibodies that bind to an antigen. The probe 
antibody can be labelled, for example, with an enzymatic 
label, or a colorimetric label, or a fluorescent label, or a 
radioactive label. 
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0010. In a preferred embodiment of the antibody compe 
tition assay method, a detection antibody is used to detect 
bound probe antibody, where the detection antibody binds 
only to probe antibody and not to reference antibody. The 
detection antibody detects bound probe antibody in complex 
that includes a labelled reference antibody bound to antigen, 
antigen, and labelled probe antibody bound to antigen. A 
labelled detection antibody is used to detect bound probe 
antibody, where the detection antibody can be labelled, for 
example, with an enzymatic label, or a colorimetric label, or 
a fluorescent label, or a radioactive label. Alternately, the 
detection antibody is detected using a detection means Such 
as an antibody-binding protein. 
0011. In particular, the antibody competition assay 
method for determining antibodies that bind to an epitope on 
an antigen includes providing a set of antibodies that bind to 
an antigen, labelling each antibody in the set with a uniquely 
colored bead to form a labelled reference antibody set such 
that each labelled reference antibody is distinguishable from 
every other labelled reference antibody in the labelled refer 
ence antibody set, selecting a probe antibody from the set of 
antibodies that bind to the antigen, contacting the probe anti 
body with the labelled reference antibody set in the presence 
of the antigen, detecting bound probe antibody in a complex 
that includes a labelled reference antibody bound to antigen, 
antigen, and probe antibody bound to antigen, and determin 
ing whether the probe antibody competes with any reference 
antibody in the labelled reference antibody set, where com 
petition indicates that the probe antibody binds to the same 
epitope as another antibody in the set of antibodies that bind 
to an antigen. Each uniquely colored bead may have a distinct 
emission spectrum. The probe antibody can be labelled, for 
example, with an enzymatic label, or a colorimetric label, or 
a fluorescent label, or a radioactive label. Alternately, a detec 
tion antibody is used to detect bound probe antibody, where 
the detection antibody may be labelled. The labelled detec 
tion antibody can be labelled, for example, with an enzymatic 
label, or a colorimetric label, or a fluorescent label, or a 
radioactive label. 

0012 Another aspect of the present invention provides a 
method for characterizing antibodies based on binding char 
acteristics by providing input data representing the outcomes 
of at least one antibody competition assay using a set of 
antibodies that bind to an antigen. normalizing the input data 
to generate a normalized intensity matrix. computing at least 
one dissimilarity matrix comprising generating a threshold 
matrix from the normalized intensity matrix and computing a 
dissimilarity matrix from the threshold matrix, and clustering 
antibodies based on dissimilarity values in cells of the dis 
similarity matrix, to determine epitope binding patterns of set 
of antibodies that bind to an antigen. 
0013 The input data can be signal intensity values repre 
senting the outcomes of an antibody competition assay using 
a set of antibodies that bind to an antigen. The input data 
representing the outcomes of an antibody competition assay 
can be stored in matrix form. The input data stored in matrix 
form can be in a two-dimensional matrix or a multidimen 
sional matrix, and may be stored in a plurality of matrices. 
The input data stored in matrix form can be signal intensity 
values representing the outcomes of an antibody competition 
assay. The antibody competition assay can be the Multiple 
Competitive Antibody Binning (MCAB) assay. The input 
data stored in matrix form can be at least one matrix wherein 
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each cell of the matrix comprises the signal intensity value of 
an individual antibody competition assay. 
0014 Normalizing the input data to generate a normalized 
intensity matrix can include generating a background-nor 
malized intensity matrix by Subtracting a first matrix with 
signal intensity values from a first antibody competition assay 
in which antigen was not added (negative control) from a 
second matrix with signal intensity values from a second 
antibody competition assay in which antigen was added. A 
minimum threshold value for blocking buffer values is set, 
and any blocking buffer values below the threshold value are 
adjusted to the threshold value prior to said generating the 
normalized intensity matrix. 
0015. If desired, the normalizing step includes generating 
an intensity-normalized matrix by dividing each value in a 
column of the background-normalized intensity matrix by the 
blocking buffer intensity value for the column. The normal 
izing step can further include normalizing relative to the 
baseline signal for probe antibodies by dividing each column 
of the intensity-normalized matrix by its corresponding 
diagonal value to generate a final intensity-normalized 
matrix. Prior to dividing each column by its corresponding 
diagonal value, each diagonal value is compared with a user 
defined threshold value and any said diagonal value below the 
user-defined threshold value is adjusted to the threshold 
value. 
0016. If desired, the normalizing step includes generating 
an intensity-normalized matrix by dividing each value in a 
row of the background-normalized intensity matrix by the 
blocking buffer intensity value for the row. The normalizing 
step can further include normalizing relative to the baseline 
signal for probe antibodies by dividing each row of the inten 
sity-normalized matrix by its corresponding diagonal value to 
generate a final intensity-normalized matrix. Prior to dividing 
each row by its corresponding diagonal value, each diagonal 
value is compared with a user-defined threshold value and any 
said diagonal value below the user-defined threshold value is 
adjusted to the threshold value. 
0017 Generating the threshold matrix involves setting the 
normalized valued in each cell of the normalized intensity 
matrix to a value of one (1) or Zero (0), wherein normalized 
values less than or equal to a threshold value are set to a value 
of Zero (0) and normalized values greater to a threshold value 
are set to a value of one (1). 
0018. At least one dissimilarity matrix is computed from 
the threshold matrix of ones and Zeroes by determining the 
number of positions in which each pair of rows differs. A 
plurality of dissimilarity matrices can be computed using a 
plurality of threshold values. The average of a plurality of 
dissimilarity matrices can computed and used as input to the 
clustering step. 
0019 Clustering antibodies based on said dissimilarity 
values in cells of said dissimilarity matrix can include hier 
archical clustering. Hierarchical clustering includes generat 
ing a hierarchy of nested subsets of antibodies within a set of 
antibodies that bind to an antigen by determining the pair of 
antibodies in the set having the lowest dissimilarity value, 
then determining the pair of antibodies having the next lowest 
dissimilarity value, and iteratively repeating this determining 
each pair of antibodies having the next lowest dissimilarity 
value until one pair of antibodies remains, such that a hierar 
chy of nested Subsets is generated that indicates the similarity 
of competition patterns within the set of antibodies. Clusters 
are determined based on competition patterns. 
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0020. Alternately, the data analysis process involves sub 
tracting the data matrix for the experiment carried out with 
antigen from the data matrix for the experiment without anti 
gen. The value in each diagonal cell is then used as a back 
ground value for determining the binding affinity of the anti 
body in the corresponding column. Cells in the subtracted 
matrix having values significantly higher than the corre 
sponding diagonal value are highlighted or otherwise noted. 
0021 Data from the clustering step can be captured, 
including by automated means. In particular, data from the 
clustering step can be captured in a format compatible with 
data input device or computer. The clustering step can gen 
erate a display, which can be in a format compatible with data 
input device or computer. The display generated by the clus 
tering step can be a dissimilarity matrix. Clusters can be 
determined by visual inspection of the dissimilarity value in 
each cell of the dissimilarity matrix. The dissimilarity matrix 
can include cells having a visual indicator of the cluster to 
which the antibody pair represented by said cell belongs, 
where the visual indicator may be a color, or shading, or 
patterning. Alternately, the display can be a dendrogram 
defined by dissimilarity values computed for a set of antibod 
ies. Such a dendrogram has branches representing antibodies 
in the set of antibodies, wherein the arrangement of branches 
represents relationships between antibodies within the set of 
antibodies, and the arrangement further represents clusters of 
antibodies within the set of antibodies. In Such a dendrogram, 
the length of any branch represents the degree of similarity 
between the binding pattern of antibodies or cluster of anti 
bodies represented by said branch. 
0022. Input data representing the outcomes of a plurality 
of antibody competition assays can be analyzed, wherein 
each assay represents an individual experiment using a set of 
antibodies that bind to an antigen, further wherein each 
experiment includes at least one antibody that is also tested in 
at least one other experiment. When a plurality of experi 
ments is analyzed, an individual normalized intensity matrix 
can be generated for each individual experiment and a single 
normalized intensity matrix can be generated by computing 
the average intensity value of each antibody pair represented 
in each individual normalized intensity matrix. A single dis 
similarity matrix representing each antibody pair tested in the 
plurality of antibody competition assays can be generated 
from the single normalized intensity matrix. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0023 FIG.1. Schematic illustration of one embodiment of 
an epitope binning assay using labelled bead technology in a 
single well of a microtiter plate. Each reference antibody is 
coupled to a bead with distinct emission spectrum, forming a 
uniquely labelled reference antibody. The entire set of 
uniquely labelled reference antibodies is placed in the well of 
a multiwell microtiter plate and incubated with antigen. A 
probe antibody is added and the interaction of probe antibody 
with each uniquely labelled reference antibody is determined. 
0024 FIG. 2. Correlation between blocking buffer inten 
sity values and average intensity. FIG. 2A. Correlation 
between blocking buffer intensity and average intensity 
within rows. Blocking buffer intensity value for each row 
(y-axis) plotted against the average intensity value of the row 
with blocking buffer value omitted (X-axis). Fitting a line to 
the data shows a strong linear correlation between the block 
ing buffer values and the average intensity values of the rest of 
the row. FIG.2B. Correlation between blocking buffer inten 
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sity and average intensity within columns. Blocking buffer 
intensity value for each column (y-axis) plotted against the 
average intensity value of the column with blocking buffer 
value omitted (X-axis). Fitting a line to the data shows a 
relatively weaklinear correlation between the blocking buffer 
values and the average intensity values of the rest of the 
column. FIG. 2C. Scatter plot of intensity values for the 
matrix with antigen and background-normalized matrix. This 
plot shows a tight linear correlation (slope about 1.0) for high 
Subtracted signal values, indicating that the background sig 
nal is minimal relative to the signal in the presence of antigen. 
The points are shaded according to the value of the fraction, 
calculated as the Subtracted signal divided by the signal for 
the experiment with antigen present. Smaller fraction values 
(closer to Zero) correspond to high background contribution 
and have light shading. Larger fraction values (closer to 1) 
correspond to lowerbackground contribution and have darker 
shading. 
0025 FIG. 3. Comparison of epitope binning results with 
FACS results. Results from antibody experiments using the 
ANTIGEN39 antibody are shown, comparing results using 
the epitope binning method described herein with results 
using flow cytometry (fluorescence-activated cell sorter, 
FACS). Antibodies are assigned to bins 1-15, as indicated by 
rows 1-15 in the far left column using the epitope binning 
assay. Hatching in cells indicates antibodies that are FACS 
positive for cells expressing ANTIGEN39 (cell line 786-0), 
and no hatching indicates antibodies that are negative for cells 
that do not express ANTIGEN39 (cell line M14). 
0026 FIG. 4. Dissimilarity vs. background value: effect of 
choice of threshold cutoff value. The figure shows the amount 
of dissimilarity between antibodies 2.1 and 2.25 calculated at 
various threshold values. The amount of dissimilarity repre 
sents the value for the dissimilarity matrix for the entry cor 
responding to the two antibodies, Ab 2.1 and Ab 2.25 for a 
series of dissimilarity matrices computed using different 
threshold values. Here, the X-axis is the threshold value, and 
the y-axis is the dissimilarity value calculated using that 
threshold cutoff value. 

(0027 FIG. 5. Dendrogram for the ANTIGEN14 antibod 
ies. The length of branches connecting two antibodies is 
proportional to the degree of similarity between the two anti 
bodies. This figure shows that there are two very distinct 
epitopes recognized by these antibodies. One epitope is rec 
ognized by antibodies 2.73, 2.4, 2.16, 2.15, 2.69. 2.19, 2.45, 
2.1, and 2.25. A different epitope is recognized by antibodies 
2.13, 2.78, 2.24, 2.7, 2.76, 2.61, 2.12, 2.55, 2.31, 2.56, and 
2.39. Antibody 2.42 does not have a pattern that is very 
similar to any other antibody, but has some noticeable simi 
larity to the second cluster, although it may recognize yet a 
third epitope which partially overlaps with the second 
epitope. 
(0028 FIG. 6. Dendrograms for ANTIGEN39 antibodies. 
FIG. 6A. Dendrogram for the ANTIGEN39 antibodies for 
five input experimental data sets. The number o unique clus 
ters of antibodies suggests that are several different epitopes, 
Some of which may overlap. For example, the cluster con 
taining antibodies 1.17, 1.55, 1.16, 1.11 and 1.12 and the 
cluster containing 1.21, 2.12, 2.38, 2.35, and 2.1 appear to be 
fairly closely related, with each antibody pair with the excep 
tion of 2.35 and 1.11 being no more than 25% different. This 
high degree of similarity across the two clusters suggests that 
the two different epitopes themselves have a high degree of 
similarity. FIG. 6B. Dendrogram for the ANTIGEN39 anti 
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bodies for Experiment 1. Antibodies 1.12, 1.63, 1.17, 1.55, 
and 2.12 consistently cluster together in this experiment as 
well as in other experiments, as do antibodies 1.46, 1.31, 2.17. 
and 1.29. FIG. 6C. Dendrogram for the ANTIGEN39 anti 
bodies for Experiment 2. Antibodies 1.57 and 1.61 consis 
tently cluster together in this experiment as well as in other 
experiments. FIG. 6D. Dendrogram for the ANTIGEN39 
antibodies for Experiment 3. Antibodies 1.55, 1.12, 1.17, 
2.12, 1.11 and 1.21 consistently cluster together in this 
experiment as well as in other experiments. FIG. 6E. Dendro 
gram for the ANTIGEN39 antibodies for Experiment 4. Anti 
bodies 1.17, 1.16, 1.55, 1.11 and 1.12 consistently cluster 
together in this experiment as well as in other experiments, as 
do antibodies 1.31, 1.46, 1.65, and 1.29, as well as antibodies 
1.57 and 1.61. FIG. 6F. Dendrogram for the ANTIGEN39 
antibodies for Experiment 5. Antibodies 1.21, 1.12, 2.12, 
2.38, 2.35, and 2.1 consistently cluster together in this experi 
ment as well as in other experiments. 
0029 FIG. 7. Dendrograms for clustering IL-8 mono 
clonal antibodies. FIG. 7A. Dendrograms for a clustering of 
seven IL-8 monoclonal antibodies. The dendrogram on the 
left is generated by clustering columns, and the dendrogram 
on the right by clustering rows of a background-normalized 
signal intensity matrix. Both dendrograms indicate that there 
are two epitopes, using a dissimilarity cutoff of 0.25: one 
epitope is recognized by monoclonal antibodies HR26, a215, 
a203, a393, and a452; a second epitope is recognized by 
monoclonal antibodies K221 and a33. FIG.7B. Dendrograms 
for IL-8 monoclonal antibodies from a combined clustering 
analysis merging five different experimental data sets. The 
dendrogram on the left was generated by clustering columns, 
whereas the dendrogram on the right was generated by clus 
tering rows of the background-normalized signal intensity 
matrix. Both dendrograms indicate that there are two 
epitopes, using a dissimilarity cut-off of 0.25: one epitope is 
recognized by monoclonal antibodies a809, a928, HR26, 
a215, and D111; a second epitope is recognized by mono 
clonal antibodies a837, K221, a33, a 142, a358, and a203, 
a393, and a452. FIG. 7C. Dendrograms for a clustering of 
nine IL-8 monoclonal antibodies. The dendrogram on the left 
was generated by clustering columns, and the dendrograms 
on the right by clustering rows of the background-normalized 
signal intensity matrix. Both dendrograms indicate that there 
are two epitopes, using a dissimilarity cut-off of 0.25: one 
epitope is recognized by monoclonal antibodies HR26 and 
a215; a second epitope is recognized by monoclonal antibod 
ies K221, a33, a142, a203, a358, a393, and a452. 
0030 FIG.8. Intensity matrices generated in the embodi 
ment disclosed in Example 2 using a set of antibodies against 
ANTIGEN14. FIGS. 8A and 8B are tables showing the inten 
sity matrix for experiment conducted with antigen. FIGS. 8C 
and 8D are tables showing the intensity matrix for the same 
experiment conducted without antigen (control). These 
matrices are used as input data matrices for Subsequence steps 
in data analysis. 
0031 FIGS. 9A-9B. Difference matrix for antibodies 
against the ANTIGEN14 target. Difference matrix is gener 
ated by Subtracting the matrix corresponding to values 
obtained from experiment without antigen (see FIG.8B) from 
the matrix corresponding to values obtained from the experi 
ment with antigen (see FIG. 8A) disclosed in Example 2. 
0032 FIGS. 10A-10B. Adjusted difference matrix with 
minimum threshold value. For the intensity values of 
Example 2, the minimum reliable signal intensity value is set 
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to 200 intensity units and values below the minimum thresh 
old are set to the threshold of 200. 
0033 FIGS. 11A-11C. Row normalized matrix. Each row 
in the adjusted difference matrix of FIG. 10 is adjusted by 
dividing it by the last intensity value in the row, which corre 
sponds to the intensity value for beads to which blocking 
buffer is added in place of primary antibody. This adjusts for 
well-to-well intensity. 
0034 FIGS. 12A-12C. Diagonal normalized matrix. All 
columns except the one corresponding to Antibody 2.42 were 
column-normalized. Dividing each column by its corre 
sponding diagonal is carried out to measure each intensity 
relative to an intensity that is known to reflect competition— 
i.e., competition against self. 
0035 FIGS. 13 A-13B. Antibody pattern recognition 
matrix. For data from the embodiment disclosed in Example 
2, intensity values below the user-defined threshold were set 
to zero. The user-defined threshold was set to two (2) times 
the diagonal intensity values. Remaining values were set to 
OC. 

0036 FIGS. 14A-14B. Dissimilarity matrix. For data 
from the embodiment disclosed in Example 2, a dissimilarity 
matrix is generated from the matrix of Zeroes and ones shown 
in FIG. 13, by setting the entry in row i and column j to the 
fraction of the positions at which two rows, iandi, differ. FIG. 
14 shows the number of positions, out of 22 total, at which the 
patterns for any two antibodies differed for set of antibodies 
generated against the ANTIGEN14 target. 
0037 FIGS.15A-15C. Average dissimilarity matrix. After 
separate dissimilarity matrices were generated from each of 
several threshold values ranging from 1.5 to 2.5 times the 
values of the diagonals, the average of these dissimilarity 
matrices was computed (FIG. 15) and used as input to the 
clustering process. 
0038 FIGS. 16A-16C. Permuted average dissimilarity 
matrix. For data from the embodiment disclosed in Example 
2, clusters can be visualized in matrices. In FIG.16, the rows 
and columns of the dissimilarity matrix were rearranged 
according to the order of the “leaves” or clades on the den 
drogram shown in FIG. 5, and individual cells were visually 
coded according to the degree of dissimilarity. 
0039 FIGS. 17A-17C. Permuted normalized intensity 
matrix. For data from the embodiment disclosed in Example 
2, rows and columns of the normalized intensity matrix were 
rearranged according to the order of the leaves on the den 
drogram shown in FIG. 5, and individual cells were visually 
coded according to their normalized intensity values. 
0040 FIGS. 18A-18.J. Permuted average dissimilarity 
matrix for five ANTIGEN39 input data sets. Data from five 
experiments that were conducted using antibodies against the 
ANTIGEN39 target (see Example 3) produced five input data 
sets. Dissimilarity matrices were generated for each input 
data set, and an average dissimilarity matrix was generated, 
and rows and columns were arranged (permuted) according to 
arrangement of the corresponding dendrogram(s) shown in 
FIG. 6. 

004.1 FIGS. 19A-19J. Permuted normalized intensity 
matrix for five ANTIGEN39 input data sets. Data from five 
experiments that were conducted using antibodies against the 
ANTIGEN39 target (see Example 3) produced five input data 
sets. A normalized intensity matrix was generated for the five 
input data sets and rows and columns were arranged (per 
muted) according to arrangement of the corresponding den 
drogram(s) shown in FIG. 6. 
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0042 FIGS. 20A-20B. Permuted average dissimilarity 
matrix for Experiment 1 using a set of antibodies against the 
ANTIGEN39 target. Data from the set of antibodies analyzed 
in Experiment 1 (Example 3) were analyzed. See dendrogram 
shown in FIG. 6B. 
0043 FIGS. 21A-21B. Permuted normalized intensity 
matrix for Experiment 1 using a set of antibodies against the 
ANTIGEN39 target. Data from the set of antibodies analyzed 
in Experiment 1 (Example 3) were analyzed. See dendrogram 
shown in FIG. 6B. 
0044 FIG. 22. Permuted average dissimilarity matrix for 
Experiment 2 using a set of antibodies against the ANTI 
GEN39 target. Data from the set of antibodies analyzed in 
Experiment 2 (Example 3) were analyzed. See dendrogram 
shown in FIG. 6C. 
004.5 FIG. 23. Permuted normalized intensity matrix for 
Experiment 2 using a set of antibodies against the ANTI 
GEN39 target. Data from the set of antibodies analyzed in 
Experiment 2 (Example 3) were analyzed. See dendrogram 
shown in FIG. 6C. 
0046 FIGS. 24A-24B. Permuted average dissimilarity 
matrix for Experiment 3 using a set of antibodies against the 
ANTIGEN39 target. Data from the set of antibodies analyzed 
in Experiment 3 (Example 3) were analyzed. See dendrogram 
shown in FIG. 6D. 
0047 FIGS. 25A-25B. Permuted normalized intensity 
matrix for Experiment 3 using a set of antibodies against the 
ANTIGEN39 target. Data from the set of antibodies analyzed 
in Experiment 3 (Example 3) were analyzed. See dendrogram 
shown in FIG. 6D. 
0048 FIGS. 26A-26B. Permuted average dissimilarity 
matrix for Experiment 4 using a set of antibodies against the 
ANTIGEN39 target. Data from the set of antibodies analyzed 
in Experiment 4 (Example 3) were analyzed. See dendrogram 
shown in FIG. 6E. 
0049 FIGS. 27A-27B. Permuted normalized intensity 
matrix for Experiment 4 using a set of antibodies against the 
ANTIGEN39 target. Data from the set of antibodies analyzed 
in Experiment 4 (Example 3) were analyzed. See dendrogram 
shown in FIG. 6E. 
0050 FIGS. 28A-28C. Permuted average dissimilarity 
matrix for Experiment 5 using a set of antibodies against the 
ANTIGEN39 target. Data from the set of antibodies analyzed 
in Experiment 5 (Example 3) were analyzed. See dendrogram 
shown in FIG. 6F. 
0051 FIGS. 29A-29C. Permuted normalized intensity 
matrix for Experiment 5 using a set of antibodies against the 
ANTIGEN39 target. Data from the set of antibodies analyzed 
in Experiment 5 (Example 3) were analyzed. See dendrogram 
shown in FIG. 6F. 
0052 FIG. 30. Clusters identified in Experiments 1-5 
using sets of antibodies against the ANTIGEN39 target. FIG. 
30 Summarizes the clusters identified for each of the five 
individual data sets and for the combined data set for all of the 
antibodies generated in all five experiments disclosed in 
Example 3. 

DETAILED DESCRIPTION OF THE PREFERRED 
EMBODIMENT 

0053 With increased fusion efficiency producing larger 
numbers of antigen specific antibodies from each hybridoma 
cell fusion experiment, a screening method of managing and 
prioritizing large numbers of antibodies becomes ever more 
important. When a set of monoclonal antibodies has been 
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generated against a target antigen, different antibodies in the 
set will recognize different epitopes, and will also have vari 
able binding affinities. Thus, to effectively screenlarge num 
bers of antibodies it is important to determine which epitope 
each antibody binds, and to determine binding affinity for 
each antibody. 
0054 Epitope binning, as described herein, is the process 
of grouping antibodies based on the epitopes they recognize. 
More particularly, epitope binning comprises methods and 
systems for discriminating the epitope recognition properties 
of different antibodies, combined with computational pro 
cesses for clustering antibodies based on their epitope recog 
nition properties and identifying antibodies having distinct 
binding specificities. Accordingly, embodiments include 
assays for determining the epitope binding properties of anti 
bodies, and processes for analyzing data generated from Such 
assayS. 
0055. In general, the invention provides an assay to deter 
mine whether a test moiety (such as an antibody) binds to a 
test object (such as an antigen) in competition with other test 
moieties (such as other antibodies). A capture moiety is used 
to capture the test object and/or the test moiety in an addres 
sable manner and a detection moiety is utilized to addressably 
detect binding between other test moieties and the test object. 
When a test moiety binds to the same or similar location on 
the test Subject as the test moiety being assayed, no binding is 
detected, whereas when a test moiety binds to a different 
location on the test Subject as the test moiety being assayed, 
binding is detected. In each case, the binding or lack thereof 
is addressable, so the relative interactions between test moi 
eties with the test object can be readily ascertained and cat 
egorized. 
0056. One embodiment of the invention is a competition 
based method of categorizing a set of antibodies that have 
been generated against an antigen. This method relies upon 
carrying out a series of assays wherein each antibody from the 
set is tested for competitive binding againstall other antibod 
ies from the set. Thus, each antibody will be used in two 
different modes: in at least one assay, each antibody will be 
used in “detect” mode as the “probe antibody' that is tested 
against all the other antibodies in the set; in other assays, the 
antibody will be used in “capture” mode as a “reference 
antibody' within the set of reference antibodies being 
assayed. Within the set of reference antibodies, each refer 
ence antibody will be uniquely labelled in a way that permits 
detection and identification each reference antibody within a 
mixture of reference antibodies. The method relies on form 
ing 'sandwiches' or complexes involving reference antibod 
ies, antigen, and probe antibody, and detecting the formation 
or lack of formation of these complexes. Because each refer 
ence antibody in the set is uniquely labelled, it is possible to 
addressably determine whether a complex has formed for 
each reference antibody present in the set of reference anti 
bodies being assayed. 

Antibody Assay Overview 
0057 The method begins by selecting an antibody from 
the set of antibodies against an antigen, where the selected 
antibody will serve as the “probe antibody” that is to be tested 
for competitive binding againstall other antibodies of the set. 
A mixture containing all the antibodies will serve as a set of 
“reference antibodies' for the assay, where each reference 
antibody in the mixture is uniquely labelled. In an assay, the 
probe antibody is contacted with the set of reference antibod 
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ies, in the presence of the target antigen. Accordingly, a com 
plex will form between the probe antibody and any other 
antibody in the set that does not compete for the same epitope 
on the target antigen. A complex will not form between the 
probe antibody and any other antibody in the set that com 
petes for the same epitope on the target antigen. Formation of 
complexes is detected using a labelled detection antibody that 
binds the probe antibody. Because each reference antibody in 
the mixture is uniquely labelled, it is possible to determine for 
each reference antibody whether that reference antibody does 
or does not form a complex with the probe antibody. Thus, it 
can be determined which antibodies in the mixture compete 
with the probe antibody and bind to the same epitope as the 
probe antibody. 
0058. Each antibody is used as the probe antibody in at 
least one assay. By repeating this method of testing each 
individual antibody in the set against the entire set of anti 
bodies, the competitive binding affinities can be generated for 
the entire set of antibodies against an antigen. From Such a 
affinity measurements, one can determine which antibodies 
in the set have similar binding characteristics to other anti 
bodies in the set, thereby allowing the grouping or “binning 
of each antibody on the basis of its epitope binding profile. A 
table of competitive binding affinity measurements is a Suit 
able method for displaying assay results. A preferred embodi 
ment of this method is the Multiplexed Competitive Antibody 
Binning (MCAB) assay for high-throughput screening of 
antibodies. 

0059 Because this embodiment relies on testing antibody 
competition, wherein a single antibody is tested against the 
entire set of antibodies generated against an antigen, one 
challenge to implementing this method relates to the mecha 
nism used to uniquely identify and quantitatively measure 
complexes formed between the single antibody and any one 
of the other antibodies in the set. It is this quantitative mea 
surement that provides an estimate of whether two antibodies 
are competing for the same epitope on the antigen. 
0060. As described below, embodiments of the invention 
relate to uniquely labelling each reference antibody in the set 
prior to creating a mixture of all antibodies. This unique label, 
as discussed below, is not limited to any particular mecha 
nism. Rather, it is contemplated that any method that provides 
a way to identify each reference antibody within the mixture, 
allowing one to distinguish each reference antibody in the set 
from every other reference antibody in the set, would be 
suitable. For example, each reference antibody can be 
labelled colorimetrically so that the particular color of each 
antibody in the set is determinable. Alternatively, each refer 
ence antibody in the set might be labelled radioactively using 
differing radioactive isotopes. The reference antibody may be 
labelled by coupling, linking, or attaching the antibody to a 
labelled object such as a bead or other surface. 
0061. Once each reference antibody in the set has been 
uniquely labelled, a mixture is formed containing all the 
reference antibodies. Antigen is added to the mixture, and the 
probe antibody is added to the mixture. A detection label is 
necessary in order to detect complexes containing bound 
probe antibody. A detection label may be a labelled detection 
antibody or it may be another label that binds to the probe 
antibody. For example, when a set of human monoclonal 
antibodies is being tested, a mouse anti-human monoclonal 
antibody is suitable for use as a detection antibody. The detec 
tion label is chosen to be distinct from all other labels in the 
mixture that are used to label reference antibodies. For 
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example, a labelled detection antibody might be labelled with 
a unique color, or radioactively labelled, or labelled by a 
particular fluorescent marker such as phycoerythrin (PE). 
0062. The design of an experiment must include selecting 
conditions such that the detection antibody will only bind to 
the probe antibody, and will not bind to the reference anti 
bodies. In embodiments in which reference antibodies are 
coupled to beads or other materials through antibodies, the 
antibody that couples the reference antibody to the bead (the 
“capture antibody') will be the same antibody as the detec 
tion antibody. In accordance with this embodiment of the 
invention, the detection antibody is specifically chosen or 
modified so that the detection antibody binds only to the 
probe antibody and does not bind to the reference antibody. 
By using the same antibody for both detection and capture, 
each will block one the other from binding to their respective 
targets. Accordingly, when the capture antibody is bound to 
the reference antibody, it will block the detection antibody 
from binding to the same epitope on the reference antibody 
and producing a false positive result. Antibodies Suitable for 
use as detection antibodies include mouse anti-human IgG2. 
IgG3, and IgG4 antibodies available from Calbiochem, 
(Catalog No. 41 1427, mouse anti-human IgKappa available 
from Southern Biotechnology Associates, Inc. (Catalog Nos. 
9220-01 and 9220-08, and mouse anti-hIgG from PharMin 
gen (Catalog Nos. 555784 and 555785). 
0063. Once the labelled detection antibody has been added 
to the mixture, the entire mixture can then be analyzed to 
detect complexes between labelled detection antibody, bound 
probe antibody, the antigen, and uniquely labelled reference 
antibody. The detection method must permit detection of 
complexes (or lack thereof) for each uniquely labelled refer 
ence antibody in the mixture. 
0064 Detecting whether a complex formed between a 
probe antibody and each reference antibody in the set indi 
cates, for each reference antibody, whether that reference 
antibody competes with the probe antibody for binding to the 
same (or nearby) epitope. Because the mixture of reference 
antibodies will include the antibody being used as the probe 
antibody, it is expected that this provides a negative control. 
Detecting complex formation allows measurement of com 
petitive affinities of the antibodies in the set being tested. This 
measurement of competitive affinities is then used to catego 
rize each antibody in the set based on how strongly or weakly 
they bind to the same epitopes on the target antigen. This 
provides a rapid method for grouping antibodies in a set based 
on their binding characteristics. 
0065. In one embodiment, large numbers of antibodies can 
be simultaneously screened for their epitope recognition 
properties in a single experiment in accordance with embodi 
ments of the present invention, as described below. Generally, 
the term “experiment' is used nonexclusively herein to indi 
cate a collection of individual antibody assays and Suitable 
controls. The term “assay” is used nonexclusively herein to 
refer to individual assays, for example reactions carried out in 
a single well of a microtiter plate using a single probe anti 
body, or may be used to refer to a collection of assays or to 
refer to a method of measuring antibody binding and compe 
tition as described herein. 

0066. In one embodiment, large numbers of antibodies are 
simultaneously screened for their epitope recognition prop 
erties using a sandwich assay involving a set of reference 
antibodies in which each reference antibody in the set is 
bound to a uniquely labelled “capture' antibody. The capture 
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antibody can be, for example, a colorimetrically labelled 
antibody that has strong affinity for the antibodies in the set. 
As one example, the capture antibody can be a labelled 
mouse, goat, or bovine anti-human IgG or anti-human 
IgKappa antibody. Although embodiments described herein 
use a mouse monoclonal anti-human IgG antibody, other 
similar capture antibodies that will bind to the antibodies 
being studied are within the scope of the invention. Thus, one 
of skill in the art can select an appropriate capture antibody 
based on the origin of the set of antibodies being tested. 
0067. One embodiment of the present invention therefore 
provides a method of categorizing, for example, which 
epitopes on a target antigen are bound by fifty (50) different 
antibodies generated against that target antigen. Once the 50 
antibodies have been determined to have some affinity for a 
target antigen, the methods described below are used to deter 
mine which antibodies in the group of 50 bind to the same 
epitope. These methods are performed by using each one of 
the 50 antibodies as a probe antibody to cross-compete 
against a mixture of all 50 antibodies (the reference antibod 
ies), wherein the 50 uniquely labelled reference antibodies in 
the mixture are each labelled by a capture antibody. Those 
antibodies that recognize the same epitope will compete with 
one another, while antibodies that do not compete are 
assumed to not bind to the same epitope. By uniquely label 
ling a large number of antibodies in a single reaction, as 
described below, these methods allow for a pre-selected anti 
body to be competed against 10, 25, 50, 100, 200, 300, or 
more antibodies at one time. For this reason, the choice of 
testing 50 antibodies in an experiment is arbitrary, and should 
not be viewed as limiting on the invention. 
0068 Preferably, the Multiplex Competitive Antibody 
Binning (MCAB) assay is used. More preferably, the MCAB 
assay is practiced utilizing the LUMINEX System (Luminex 
Corp., Austin Tex.), wherein up to 100 antibodies can be 
binned simultaneously using the method illustrated in FIG.1. 
The MCAB assay is based on the competitive binding of two 
antibodies to a single antigen molecule. The entire set of 
antibodies to be characterized is used twice in the MCAB 
assay, in "capture' and “detect' modes in the MCAB sand 
wich assay. 
0069. In one embodiment, each capture antibody is 
uniquely labelled. Once a capture antibody has been uniquely 
labelled, it is exposed to one of the set of antibodies being 
tested, forming a reference antibody that is uniquely labelled. 
This is repeated for the remaining antibodies in the set so that 
each antibody becomes labelled with a different colored cap 
ture antibody. For example, when 50 antibodies are being 
tested, a labelled reference antibody mixture is created by 
mixing all 50 uniquely labelled reference antibodies into a 
single reaction well. For this reason, it is useful for each label 
to have a distinct property that allows it to be distinguished or 
detected when mixed with other labels. In one preferred 
embodiment, each capture antibody is labelled with a distinct 
pattern of fluorochromes so they can be colorimetrically dis 
tinguished from one another. 
0070. Once the testantibody mixture is created, it is placed 
into multiple wells of, for example, a microtiter plate. In this 
example, the same antibody mixture would be placed in each 
of 50 microtiter wells and the mixture in each well would then 
be incubated with the target antigen as a first step in the 
competition assay. After incubation with the target antigen, a 
single probe antibody selected from the original set of 50 
antibodies is added to each well. In this example, only one 
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probe antibody is added to each reference antibody mixture. 
If any labelled reference antibody in the well binds to the 
target antigen at the same epitope as the probe antibody, they 
will compete with one another for the epitope binding site. 
0071. It is understood by one of skill in the art that embodi 
ments of the invention are not limited to only adding a single 
probe antibody to each well. Other methods wherein multiple 
probe antibodies, each one distinguishably labelled from one 
another, are added to the mixture are contemplated. 
0072. In order to determine whether the probe antibody 
has bound to any of the 50 labelled reference antibodies in the 
well, a labelled detection antibody is added to each of the 50 
reactions. In one embodiment, the labelled detection antibody 
is a differentially labelled version of the same antibody used 
as the capture antibody. Thus, for example, the detection 
antibody can be a mouse anti-human IgG antibody or a anti 
human IgKappa antibody. The detection antibody will bind 
to, and label, the probe antibody that was placed in the well. 
0073. The label on the detection antibody permits detec 
tion and measurement of the amount of probe antibody bound 
to a complex formed by a reference antibody, the antigen, and 
the probe antibody. This complex serves as a measurement of 
the competition between the probe antibody and the reference 
antibody. The detection antibody may be labelled with any 
suitable label which facilitates detection of the secondary 
antibody. For example, a detection antibody may be labelled 
with biotin, which facilitates fluorescent detection of the 
probe antibody when streptavidin-phycoerythrin (PE) is 
added. The detection antibody may be labelled with any label 
that uniquely determines its presence as part of a complex, 
Such as biotin, digoxygenin, lectin, radioisotopes, enzymes, 
or other labels. If desired, the label may also facilitate isola 
tion of beads or other Surfaces with antibody-antigen com 
plexes attached. 
0074 The amount of labelled detection antibody bound to 
each uniquely labelled reference antibody indicates the 
amount of bound probe antibody, and the labelled detection 
antibody is bound to the probe antibody bound to antigen 
bound to labelled reference antibody. Measuring the amount 
of labelled detection antibody bound to each one of the 50 
labelled reference antibodies indicates the amount of bound 
probe antibody can be obtained, where the amount of bound 
probe antibody is an indicator of the similarity or dissimilar 
ity of the epitope recognition properties of the two antibodies 
(probe and reference). If a measurable amount of the labelled 
detection antibody is detected on the labelled reference anti 
body-antigen complex, that is understood to indicate that the 
probe antibody and the reference antibody do not bind to the 
same epitope on the antigen. Conversely, if little or no mea 
Surable detection antibody is detected on the labelled refer 
ence antibody-antigen complex, then it is understood to indi 
cate that the probe antibody for that reaction bound to very 
similar or identical epitopes on the antigen. If a small amount 
of detection antibody is detected on the reference antibody 
antigen complex, that is understood to indicate that the refer 
ence and probe antibodies may have similar but not identical 
epitope recognition properties, e.g., the binding of the refer 
ence antibody to its epitope interferes with but does not com 
pletely inhibit binding of the probe antibody to its epitope. 
0075 Another aspect of the present invention provides a 
method for detecting both the reference antibody and the 
amount of probe antibody bound to an antigen. If antibody 
complexes containing different reference antibodies have 
been mixed, then the unique property provided by the unique 
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labels on the capture antibody can be used to identify the 
reference antibody coupled to that bead. Preferably, that dis 
tinct property is a unique emission spectrum. 
0076. The amount of probe antibody bound to any refer 
ence antibody can be determined by measuring the amount of 
detection label bound to the complex. The detection label 
may be a labelled detection antibody bound to probe antibody 
bound to the complex, or it may be a label attached to the 
probe antibody. Thus, the epitope recognition properties of 
both a reference antibody and a probe antibody can be mea 
Sured by using a comparative measure of the competition 
between the two antibodies for an epitope. 
0077 Conditions for optimizing procedures can be deter 
mined by empirical methods and knowledge of one of skill in 
the art. Incubation time, temperature, buffers, reagents, and 
other factors can be varied until a sufficiently strong or clear 
signal is obtained. For example, the optimal concentration of 
various antibodies can be empirically determined by one of 
skill in the art, by testing antibodies and antigens at different 
concentrations and looking for the concentration that pro 
duces the strongest signal or other desired result. In one 
embodiment, the optimal concentration of primary and sec 
ondary antibodies that is, antibodies to be binned is deter 
mined by a double titration of two antibodies raised against 
different epitopes of the same antigen, in the presence of a 
negative control antibody that does not recognize the antigen. 
0078 Assays Using Colored Beads 
0079. In a preferred embodiment, large numbers of anti 
bodies are simultaneously screened for their epitope recog 
nition properties in a single assay using color-coded micro 
spheres or beads to identify multiple reactions in a single tube 
or well, preferably using a system available from LumineX 
Corporation (LumineX Corp, Austin Tex.), and most prefer 
ably using the Luminex 100 system. Preferably, the MCAB 
assay is carried out using LumineX technology. In another 
preferred embodiment, up to 100 different antibodies to be 
tested are bound to Luminex beads with 100 distinct colors. 
This system provides 100 different sets of polystyrene beads 
with varying amounts of fluorochromes embedded. This 
gives each set of beads a distinct fluorescent emission spec 
trum and hence a distinct color code. 
0080. To characterize the binding properties of antibodies 
using the LumineX 100 system, beads are coated with a cap 
ture antibody which is covalently attached to each bead; pref 
erably a mouse anti-human IgG or anti-human IgKappa 
monoclonal antibody is used. Each set of beads is then incu 
bated in a well containing a reference antibody to be charac 
terized (e.g., containing hybridoma Supernatant) Such that a 
complex if formed between the bead, the capture antibody, 
and the reference antibody (henceforth, a “reference anti 
body-bead complex) which has a distinct fluorescence emis 
sion spectrum and hence, a color code, that provides a unique 
label for that reference antibody. 
0081. In this preferred embodiment, each reference anti 
body-bead complex from each reaction with each reference 
antibody is mixed with other reference antibody-bead com 
plexes to form a mixture containing all the reference antibod 
ies being tested, where each reference antibody is uniquely 
labelled by being couple to a bead. The mixture is aliquotted 
into as many wells of a 96-well plate as is necessary for the 
experiment. Generally, the number of wells will be deter 
mined by the number of probe antibodies being tested, along 
with various controls. Each of these wells containing an ali 
quot of the mixture of reference antibody-bead complexes is 
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incubated first with antigen and then probe antibody (one of 
the antibodies to be characterized), and then detection anti 
body (a labelled version of the original capture antibody), 
where the detection antibody is used for detection of bound 
probe antibody. In a preferred embodiment, the detection 
antibody is a biotinylated mouse anti-human IgG monoclonal 
antibody. This process is illustrated in FIG. 1. 
I0082 In the illustrative embodiment presented in FIG. 1, 
each reference antibody is coupled to a bead with distinct 
emission spectrum, where the reference antibody is coupled 
through a mouse anti-human monoclonal capture antibody, 
forming a uniquely labelled reference antibody. The entire set 
of uniquely labelled reference antibodies is placed in the well 
of a multiwell microtiter plate. The set of reference antibodies 
are incubated with antigen, and then a probe antibody is 
added to the well. A probe antibody will only bind to antigen 
that is bound to a reference antibody that recognizes a differ 
ent epitope. Binding of a probe antibody to antigen will form 
a complex consisting of a reference antibody coupled to a 
bead through a capture antibody, the antigen, and the bound 
probe antibody. A labelled detection antibody is added to 
detect bound probe antibody. Here, the detection antibody is 
labelled with biotin, and bound probe antibody is detected by 
the interaction of streptavidin-PE and the biotinylated detec 
tion antibody. As shown in FIG. 1, Antibody #50 is used as the 
probe antibody, and the reference antibodies are Antibody 
#50 and Antibody #1. Probe Antibody #50 will bind to anti 
gen that is bound to reference Antibody #1 because the anti 
bodies bind to different epitopes, and a labelled complex can 
be detected. Probe antibody #50 will not bind to antigen that 
is bound by reference antibody #50 because both antibodies 
are competing for the same epitope, Such that no labelled 
complex is formed. 
I0083. In this embodiment, after the incubation steps are 
completed, the beads of a given well are aligned in a single file 
in a cuvette and one bead at a time passes through two lasers. 
The first laser excites fluorochromes embedded in the beads, 
identifying which reference antibody is bound to each bead. A 
second laser excites fluorescent molecules bound to the bead 
complex, which quantifies the amount of bound detection 
antibody and hence, the amount of probe antibody bound to 
the antigen on a reference antibody-bead complex. When a 
strong signal for the detection antibody is measured on a 
bead, that indicates the reference and probe antibodies bound 
to that bead are bound to different sites on the antigen and 
hence, recognize different epitopes on the antigen. When a 
weak signal for the bound detection antibody is measured on 
a bead, that indicates the corresponding reference and probe 
antibodies compete for the same epitope. This is illustrated in 
FIG. 1. A key advantage of this embodiment is that it can be 
carried out in high-throughput mode, such that multiple com 
petition assays can be simultaneously performed in a single 
well, saving both time and resources. 
I0084. The assay described herein may include measure 
ments of at least one additional parameter of the epitope 
recognition properties of primary and secondary antibodies 
being characterized, for example the effect of temperature, 
ion concentration, Solvents (including detergent) or any other 
factor of interest. One of skill in the relevant art can use the 
present disclosure to develop an experimental design that 
permits the testing of at least one additional factor. If neces 
sary, multiple replicates of an assay may be carried out, in 
which factors such as temperature, ion concentration, solvent, 
or others, are varied according to the experimental design. 
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When additional factors are tested, methods of data analysis 
can be adjusted accordingly to include the additional factors 
in the analysis. 

Data Analysis 
0085. Another aspect of the present invention provides 
processes for analyzing data generated from at least one 
assay, preferably from at least one high throughput assay, in 
order to identify antibodies having similar and dissimilar 
epitope recognition properties. A comparative approach, 
based on comparing the epitope recognition properties of a 
collection of antibodies, permits identification of those anti 
bodies having similar epitope recognition properties, which 
are likely to compete for the same epitope, as well as the 
identification of those antibodies having dissimilar epitope 
recognition properties, which are likely to bind to different 
epitopes. In this way, antibodies can be categorized, or 
“binned based on which epitope they recognize. A preferred 
embodiment provides the Competitive Pattern Recognition 
(CPR) process for analyzing data generated by a high 
throughput assay. More preferably, CPR is used to analyze 
data generated by the Multiplexed Competitive Antibody 
Binning (MCAB) high-throughput competitive assay. Appli 
cation of data analysis processes as disclosed and claimed 
herein makes it possible to eliminate redundancy by identi 
fying the distinct binding specificities represented within a 
pool of antigen-specific antibodies characterized by an assay 
such as the MCAB assay. 
I0086 A preferred embodiment of the present invention 
provides a process that clusters antibodies into “bins' or 
categories representing distinct binding specificities for the 
antigen target. In yet another preferred embodiment, the CPR 
process is applied to data representing the outcomes of the 
MCAB high-throughput competition assay in which every 
antibody competes with every otherantibody for binding sites 
on antigen molecules. Embodiments carried out using differ 
ent data sets of antibodies generated from XenoMouse(Rani 
mals provide a demonstration that application of the process 
of the present invention produces consistent and reproducible 
results. 
0087. The analysis of data generated from an experiment 
typically involves multi-step operations to normalize data 
across different wells in which the assay has been carried out 
and cluster data by identifying and classifying the competi 
tion patterns of the antibodies tested. A matrix-based compu 
tational process for clustering antibodies is then performed 
based on the similarity of their competition patterns, wherein 
the process is applied to classify sets of antibodies, preferably 
antibodies generated from hybridoma cells. 
0088 Antibodies that are clustered based on the similarity 
of their competition patterns are considered to bind the same 
epitope or similar epitopes. These clusters may optionally be 
displayed in matrix format, or in “tree' format as a dendro 
gram, or in a computer-readable format, or in any data-input 
device-compatible format. Information regarding clusters 
may be captured from a matrix, a dendrogram or by a com 
puter or other computational device. Data capture may be 
visual, manual, automated, or any combination thereof. 
0089. As used herein, the term “bin' may be used as a noun 

to refer to clusters of antibodies identified as having similar 
competition according to the methods of the present inven 
tion. The term “bin may also be used a verb to refer to 
practicing the methods of the present invention. The term 
"epitope binning assay” as used herein, refers to the compe 
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tition-based assay described herein, and includes any analysis 
of data produced by the assay. 
0090 Steps in data analysis are described in detail in the 
following disclosure, and practical guidance is provided by 
reference to the data and results are presented in Example 2. 
References to the data of Example 2, especially the matrices 
or dendrograms generated by performing various data analy 
sis steps on the input data of Example 2, serve merely as 
illustrations and do not limit the scope of the present invention 
in any way. 
0091. When a large number and sizes of the data sets is 
generated, a systematic method is needed to analyze the 
matrices of signal intensities to determine which antibodies 
have similar signal intensity patterns. By way of example, two 
matrices containing m rows and m columns are generated in 
a single experiment, where m is the number of antibodies 
being examined. One matrix has signal intensities for the set 
of competition assays in which antigen is present. The second 
matrix has the corresponding signal intensities for a negative 
control experiment in which antigen is absent. Each row in a 
matrix represents a unique well in a multiwell microtiter 
plate, which identifies a unique probe antibody. Each column 
represents a unique bead spectral code, which identifies a 
unique reference antibody. The intensity of signal detected in 
each cell in a matrix represents the outcome of an individual 
competition assay involving a reference antibody and a probe 
antibody. The last row in the matrix corresponds to the well in 
which blocking buffer is added instead of a probe antibody. 
Similarly, the last column in the matrix corresponds to the 
bead spectral code to which blocking buffer is added instead 
of reference antibody. Blocking buffer serves as a negative 
control and determines the amount of signal present when 
only one antibody (of the reference-antibody-probe-antibody 
pair) is present. 
0092. Similar signal intensity value patterns for two rows 
indicate that the two probe antibodies exhibit similar binding 
behaviors, and hence likely compete for the same epitope. 
Likewise, similar signal intensity patterns for two columns 
indicate that the two reference antibodies exhibit similar 
binding behaviors, and hence likely compete for the same 
epitope. Antibodies with dissimilar signal patterns likely bind 
to different epitopes. Antibodies can be grouped, or “binned.” 
according to the epitope that they recognize, by grouping 
together rows with similar signal patterns or by grouping 
together columns with similar signal patterns. Such an assay 
described above is referred to as an epitope binning assay. 
0093 Program To Apply Competitive Pattern Recognition 
(CPR) Process 
0094. One aspect of the present invention provides a pro 
gram to apply the CPR process having two main steps: (1) 
normalization of signal intensities; and (2) generation of dis 
similarity matrices and clustering of antibodies based on their 
normalized signal intensities. It is understood that the term 
“main step’ encompasses multiple steps that may be carried 
as necessary, depending on the nature of the experimental 
material used and the nature of the data analysis desired. It is 
also understood that additional steps may be practiced as part 
of the present invention. 
0.095 
0096. Input data is subjected to a series of preprocessing 
steps that improve the ability to detect meaningful patterns. 
Preferably, the input data comprises signal intensities stored 
in a two dimensional matrix, and a series of normalization 

Background Normalization of Signal Intensities 
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steps are carried out to eliminate sources of noise or signal 
bias prior to clustering analysis. 
0097. The input data to be analyzed comprises the results 
from a complete assay of epitope recognition properties. Pref 
erably, results comprise signal intensities measured from an 
assay carried out using labelled secondary antibodies. More 
preferably, results using the MCAB assay are analyzed as 
described herein. Two input files are generated: one input file 
from an assay in which antigen was added; and a second input 
file from an assay in which antigen was absent. The experi 
ment in which antigen is absent serves as a negative control 
allowing one to quantify the amount of binding by the 
labelled antibodies that is not to the antigen. Preferably, each 
combination of primary antibody and secondary antibody 
being tested was assayed in the presence and absence of 
antigen, Such that each combination is represented in both 
sets of input data. Even more preferably, the assay is carried 
out using the procedures for assaying epitope recognition 
properties of multiple antibodies using a multi-well format 
disclosed elsewhere in the present disclosure. 
0098. The input data normally comprises signal intensities 
stored in a two dimensional matrix. First, the matrix corre 
sponding to the experiment without antigen (negative con 
trol) experiment, A, is subtracted from the matrix corre 
sponding to the experiment with antigen, A, to give the 
background normalized matrix given by AA-A. This 
Subtraction step eliminates background signal that is not due 
to binding of antibodies to antigen. The above matrices are of 
dimension (m+1)x(m+1) where m is the number of antibod 
ies to be clustered. The last row and the last column contain 
intensity values for experiments in which blocking buffer was 
added in place of a probe antibody or reference antibody, 
respectively. 
0099. In an illustrative embodiment, FIGS. 8A and 8B 
illustrate the intensity matrices generated in the embodiment 
disclosed in Example 2, which are used as input data matrices 
for subsequent steps in data analysis. FIG. 8A is the intensity 
matrix for an experiment conducted with antigen, and FIG. 
8B is the intensity matrix for the same experiment conducted 
without antigen. Each row in the matrix corresponds to the 
signal intensities for the different beads in one well, where 
each well represents a unique detecting antibody. Each col 
umn represents the signal intensities corresponding to the 
competition of a unique primary antibody with each of the 
secondary antibodies. Each cell in the matrix represents an 
individual competition assay for a different pair of primary 
and secondary antibodies. In assays of epitope recognition 
properties, addition of blocking buffer in place of one of the 
antibodies serves as a negative control. In the embodiment 
illustrated by FIGS. 8A and 8B, the last row in the matrix 
corresponds to the well in which blocking buffer is added in 
place of a secondary antibody, and the last column in the 
matrix corresponds to the beads to which blocking buffer is 
added in place of primary antibody. Other arrangements of 
cells within a matrix can be used to practice aspects of the 
present invention, as one of skill in the relevant art can design 
data matrices having other formats and adapt Subsequent 
manipulations of these data matrices to reflect the particular 
format chosen. 
0100. A difference matrix can be generated by subtracting 
the matrix corresponding to values obtained from the experi 
ment withoutantigen from the matrix corresponding to values 
obtained from the experiment with antigen. This step is per 
formed to Subtract from the total signal the amount of signal 
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that is not attributed to the binding of the labelled probe 
antibody to the antigen. This subtraction step generates a 
difference matrix as illustrated in FIG. 9. Following this sub 
traction, any antibodies that have unusually high intensities 
for their diagonal values relative to the other diagonal values 
are flagged. High values for a column both along and off the 
diagonal Suggest that the data associated with this particular 
bead may not be reliable. The antibodies corresponding to 
these columns are flagged at this step and are considered as 
individual bins. 

0101 Elimination of Background Signals Due to Nonspe 
cific Binding: Normalization of Signal Intensities within 
Rows or Columns of the Matrix. 

0102. In some cases, there is a significant disparity in the 
overall signal intensities between different rows or columns 
in the background-normalized signal intensity matrix. Row 
variations are likely due to variations in intensity from well to 
well, while column variation is likely due to the variation in 
the affinities and concentrations of different probe antibodies. 
In accordance with one aspect of the present invention, there 
is often a linear correlation between the blocking buffer val 
ues of the rows or columns, and the average signal intensity 
values of the rows or columns. If an intensity variation is 
observed, an additional step of row and/or column normal 
ization is performed as described below. 
(0103) 
0104 Row normalization is performed when there are any 
significant well-specific signal biases, and is carried out to 
eliminate any “signal artifacts” that would otherwise be intro 
duced into the data analysis. One of skill in the art can deter 
mine whether the step is desirable based on the distribution of 
intensity values of the blocking buffer negative controls. By 
way of illustration, in FIG. 2A, the blocking buffer intensity 
value for each row is plotted against the average intensity 
value (excluding the blocking buffer value) for the corre 
sponding row. The plot in FIG. 2A shows a clear linear cor 
relation between the blocking buffer values and the average 
intensity value for a row. This figure shows that there is a 
well-specific signal bias in the samples being analyzed, and 
that the intensity value for the blocking buffer correlates to the 
overall signal intensity within a row. The different intensity 
biases seen in the different rows is likely due in part to the 
variation in affinity for the secondary antibodies for the anti 
gen as well as the concentration variations of these secondary 
antibodies. Note that FIG. 2B shows that, for the same 
embodiment, there is weaker correlation between the block 
ing buffer intensity values for the columns and the average 
column intensity values. 
0105 For intensity variations in rows, the intensities of 
each row in the matrix are adjusted by dividing each value in 
a row by the blocking bufferintensity value for that row. In the 
case where blocking buffer data is absent, each row value is 
divided by the average intensity value for the row. In an 
embodiment applying the CPR process, the intensity-normal 
ized matrix is given by 

Row Normalization. 

AN (i, j) 
I (k) A (i, j) = 1 s i, i s m + 1 

where I is a vector containing the blocking buffer or average 
intensities and ki if normalization is done with respect to 
OWS. 
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0106 Column Normalization. 
0107. In this final pre-processing step, each column in the 
row normalized matrix (that was not flagged at the step the 
difference matrix was generated) is divided by its correspond 
ing diagonal value. The cells along the diagonal represent 
competition assays for which the primary and secondary anti 
bodies are the same. Ideally, values along the diagonal should 
be small as two copies of the same antibody should compete 
for the same epitope. The division of each column by its 
corresponding diagonal is done to measure each intensity 
relative to an intensity that is known to reflect competition— 
i.e., competition of an antibody against itself. 
0108 For intensity variations in columns, the intensities of 
each column in the matrix are adjusted by dividing each value 
in a column by the blocking bufferintensity value for that row. 
In the case where blocking buffer data is absent, each column 
value is divided by the average intensity value for the column. 
In an embodiment applying the CPR process, the intensity 
normalized matrix is given by 

AN (i, j) 
A (i, j) = I (k) 1 s i, i s m + 1 

where I is a vector containing the blocking buffer or average 
intensities and k if normalization is done with respect to 
columns. 
0109 Setting Threshold Values Prior to Row or Column 
Normalization. 
0110. To prevent artificial inflation of low signal values in 

this normalization step, all blocking buffer values that are 
below a minimum user-defined threshold value are flagged 
and then adjusted to the user-defined threshold value which 
represents the lowest reliable signal intensity value, prior to 
row or column division. This threshold is set based on a 
histogram of the signal intensities. This normalization step 
adjusts for variations in intensity from well to well. 
0111. By way of example, FIG. 17 illustrates an adjusted 
difference matrix for the data of Example 2, wherein the 
minimum reliable signal intensity is set to 200 intensity units. 
Each row in the matrix is adjusted by dividing it by the last 
intensity value in the row. As noted above, the last intensity 
value in each row corresponds to the intensity value for beads 
to which blocking buffer is added in place of primary anti 
body. This step adjusts for the well-to-well variation in inten 
sity values across the row. FIG. 18 illustrates a row normal 
ized matrix for the data of Example 2. 
0112 Further by way of example, FIG. 2A presents data 
from an embodiment in which the blocking buffer intensity 
value for each row was plotted against the average intensity 
value for the corresponding row. This plot shows a linear 
correlation between the blocking buffer values and the aver 
age intensity value for a row, and Suggests that there are 
well-specific intensity biases. These biases may be partially 
due to the variation in affinity for the probe antibodies for the 
antigen and the concentration variations of the probe antibod 
ies. FIG. 2B presents data from an embodiment in which the 
blocking buffer intensity value for each column was plotted 
against the average intensity value for the corresponding col 
l, 

0113. In another illustrative embodiment, FIG.2C shows a 
scatter plot of the background-normalized difference matrix 
intensities plotted against the intensities for the matrix of 
results from an embodiment using antigen. This plot shows a 
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tight linear correlation (slope-1) for signal values greater 
than 1000, and a more scattered correlation for lower signal 
values. The points in FIG. 2C are shaded according to the 
value of a fraction calculated as the subtracted signal divided 
by the signal for the experiment with antigen present. Smaller 
fraction values (closer to Zero) correspond to high back 
ground contribution and have lightshading in FIG.2C. Larger 
fraction values (closer to 1) correspond to lower background 
contribution and have darker shading. In FIG. 2C, the smaller 
fraction values are predominantly in the lower-left region of 
the scatter plot, Suggesting that the contribution of back 
ground becomes less for Subtracted signal values greater than 
1OOO. 
0114. The plot shown in FIG. 2C suggests that for this 
embodiment, intensity values of the background-normalized 
matrix greater than 1000 have a low background signal con 
tribution relative to the signal due to antigen binding. These 
matrix cells likely correspond to antibody pairs that do not 
compete for the same epitope. Conversely, intensity values 
below 1000 likely correspond to antibody pairs that bind to 
the same epitope. In accordance with one aspect of the present 
invention, it is expected that the intensity values along the 
diagonal would be small, as identical reference and probe 
antibodies compete for the same epitope. In the embodiment 
illustrated in FIG. 2C, all but one of the diagonal values of the 
background-normalized signal intensity matrix have inten 
sity values below 1000. 
0115 Normalization of Signal Intensities Relative to the 
Baseline Signal for Probe Antibodies 
0116. In a final step, data are adjusted by dividing each 
column or row by its corresponding diagonal value to gener 
ate the final normalized matrix given by 

A1 (i, j) 
A F(i, j) = At 

0117. Once again, to prevent artificial inflation of low 
signal values in this normalization step, all diagonal values 
below a minimum user-defined threshold value are adjusted 
to the threshold value before the diagonal division is done. 
This step is done for all columns or rows, except those that 
have diagonal values that are significantly high relative to 
other values in the column or row. This step normalizes each 
intensity value relative to the intensity corresponding to the 
individual competition assay for which the reference and 
probe antibodies are the same. This intensity value should be 
low and ideally reflect the baseline signal intensity value for 
the column or row, because two identical antibodies should 
compete for the same epitope and hence be unable to simul 
taneously bind to the same antigen. Columns having unusu 
ally large diagonal values are identified as outliers and 
excluded from the analysis. High-diagonal-intensity values 
may indicate that the antigen has two copies of the same 
epitope, e.g., when the antigen is a homodimer. 
0118 Pattern Recognition Analysis: Dissimilarity Matri 
CS 

0119. In accordance with another aspect of the present 
invention, a second step in data analysis involves generating 
a dissimilarity matrix from the normalized intensity matrix in 
two steps. First, the normalized intensity values that are 
below a user-defined threshold value forbackground are set to 
Zero (and hence represent competition) and the remaining 
values are set to 1, indicating that the antibodies bind to two 



US 2014/0178905 A1 

different epitopes. Accordingly, intensity values that are less 
than the intensity equal to this threshold multiplied by the 
intensity value of the diagonal value are considered low 
enough to represent competition for the same epitope by the 
antibody pair. The dissimilarity matrix or distance matrix for 
a given threshold value is computed from the matrix of Zeroes 
and ones by determining the number of positions in which 
each pair of rows differs. The entry in row i and columni, 
corresponds to the fraction of the total number of primary 
antibodies that differ in their competition patterns with the 
secondary antibodies represented in rows i and j. 
0120) By way of example, FIG. 14 shows the number of 
positions (out of 22 total) at which the patterns for any two 
antibodies differ. In this embodiment, dissimilarities are com 
puted with respect to rows instead of columns because the row 
intensities have already been adjusted for well-specific inten 
sity biases and therefore the undesirable effects of unequal 
secondary antibody affinities and concentrations have been 
factored out. In addition, the concentrations and affinities of 
primary antibodies are consistent between rows. However, 
for the columns, there is not an apparent consistent trend 
between average intensity and background intensity which 
Suggests that there is not an obvious way to factor out the 
undesirable affects of the variable primary antibody concen 
trations and affinities. Therefore, comparing the signals 
between columns might be less valid. 
0121 Dissimilarity Matrix Using CPR. 
0122. In an embodiment applying the CPR process, a 
threshold matrix, A, of Zeros and ones is generated as 
described below. Normalized values that are less than or equal 
to a threshold value are set to zero to indicate that the corre 
sponding pairs of antibodies compete for the same epitope. 
The threshold matrix is given by 

0 if A (i, j) < T 

0123. The remaining normalized intensity values are set to 
one, and the values represent pairs of antibodies that bind to 
different epitopes. 
0.124. The dissimilarity matrix is computed from the 
threshold matrix by setting the value in the i' row and j' 
column of the dissimilarity matrix to the fraction of the posi 
tions at which two rows, iand of the matrix of Zeros and ones, 
differ. A dissimilarity matrix for a specified threshold value, 
T, is given by 

D, (i, j) = "Nie D 

where N is the number of ones (1s) present when the i' and 
j" rows are summed. 
0.125 By way of example, for the matrix shown in Table 1 
below, the dissimilarity value corresponding to the first and 
second rows is 0.4, because the number of positions at which 
the two rows differ is 2 out of 5. For an ideal experiment, the 
dissimilarity matrix that is generated based on a comparison 
of rows of the original signal intensity matrix, should be the 
same as the dissimilarity matrix that is generated based on the 
comparison of columns. 

Jun. 26, 2014 

TABLE 1 

Matrix Used to Compute Dissimilarity Values 

A. B C D E 

1 1 1 O 
1 1 O O 
1 1 1 1 
1 1 O 1 
O 1 1 O 

0.126 Effect of Calculating Dissimilarity Matrices at Mul 
tiple Threshold Values. 
I0127. If desired, the process of generating dissimilarity 
matrices is repeated for background threshold values incre 
mented inclusively between two user-defined threshold val 
ues which represent lower and upper threshold values for 
intensity (where the threshold value is as described above). 
The dissimilarity matrices generated over a range of back 
ground threshold values is averaged and used an input to the 
clustering algorithm. The process of averaging over several 
thresholds is performed to minimize the sensitivity of the final 
dissimilarity matrix to any one particular choice for the 
threshold value. The effect of variation of the threshold value 
on the apparent dissimilarity is illustrated by FIG. 4, which 
shows the fraction of dissimilarities for a pair of antibodies 
(2.1 and 2.25) as a function of the threshold value for thresh 
old values ranging between 1.5 and 2.5. As the threshold 
value changes from 1.8 to 1.9 the amount of dissimilarity 
between the signal patterns for the two antibodies changes 
substantially from 15% to nearly 0%. This figure shows how 
the amount of dissimilarity between the signal patterns for a 
pair of antibodies may be sensitive to one particular choice for 
a cutoff value, as it can vary substantially for different thresh 
old values. The sensitivity is mitigated by taking the average 
dissimilarity value over a range of different threshold values. 
I0128 Calculating Dissimilarity Matrices at Multiple 
Threshold Values Using CPR. 
I0129. In a preferred embodiment, the process of comput 
ing dissimilarity matrices using CPR is repeated for several 
incremental threshold values within a user-defined range of 
values. The average of these dissimilarity matrices is com 
puted and used as input to the clustering step where the 
average is computed as 

where N is the number of different thresholds to be averaged. 
0.130. This process of averaging over several thresholds is 
done to minimize the sensitivity of the dissimilarity matrix to 
a particular cutoff value for the threshold. 
I0131 Dissimilarity Matrices from Multiple Experiments 
I0132) If there are input data sets for more than one experi 
ment, normalized intensity matrices are first generated as 
described above for each individual experiment. Normalized 
values above a threshold value (typically set to 4) are then set 
to this threshold value. Setting the high-intensity values to the 
threshold value is done to prevent any single intensity value 
from having too much weight when the average normalized 
intensity values are computed for that cell. The average inten 
sity matrix is computed by taking individual averages overall 
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data points for each antibody pair out the group consisting of 
antibodies that are in at least one of the input data sets. 
Antibody pairs for which there are no intensity values are 
flagged. The generation of the dissimilarity matrix is as 
described above with the exception that the entry in row i and 
columni corresponds to the fraction of the positions at which 
two rows, i.and differ out of the total number of positions for 
which both rows have an intensity value. If the two rows have 
no such positions, then the dissimilarity value is set arbitrarily 
high and flagged. 
0.133 Clustering of Antibodies Based on their Normalized 
Signal Intensities 
0134. Another aspect of the present invention provides 
processes for clustering antibodies based on their normalized 
signal intensities, using various computational approaches to 
identify underlying patterns in complex data. Preferably, any 
Such process utilizes computational approaches developed 
for clustering points in multidimensional space. These pro 
cesses can be directly applied to experimental data to deter 
mine epitope binding patterns of sets of antibodies by regard 
ing the signal levels for the n competition assays of n probe 
antibodies in n sampled reference antibodies as defining in 
points in n-dimensional space. These methods can be directly 
applied to epitope binning by regarding the signal levels for 
the competition assays of each secondary antibody with all of 
the n different primary antibodies as defining a point in n-di 
mensional space. 
0135 Results of clustering analysis can be expressed 
using visual displays. In addition or in the alternative, the 
results of clustering analysis can be captured and stored inde 
pendently of any visual display. Visual displays are useful for 
communicating the results of an epitope binning assay to at 
least one person. Visual displays may also be used as a means 
for providing quantitative data for capture and storage. In one 
preferred embodiment, clusters are displayed in a matrix for 
mat and information regarding clusters is captured from a 
matrix. Cells of a matrix can have different intensities of 
shading or patterning to indicate the numerical value of each 
cell; alternately, cells of a matrix can be color-coded to indi 
cate the numerical value of each cell. In another preferred 
embodiment, clusters are displayed as dendrograms or 
“trees” and information regarding clusters is captured from a 
dendrogram based on branch length and height (distance) of 
branches. In yet another preferred embodiment, clusters are 
identified by automated means, and information regarding 
clusters is captured by an automated data analysis process 
using a computer or any data input device. 
0136. One approach that has proven valuable for the 
analysis of large biological data sets is hierarchical clustering 
(Eisen et al. (1998) Proc. Natl. Acad. Sci. USA 95:14863 
14868). Applying this method, antibodies can be forced into 
a strict hierarchy of nested subsets based on their dissimilarity 
values. In an illustrative embodiment, the pair of antibodies 
with the lowest dissimilarity value is grouped together first. 
The pair or cluster(s) of antibodies with the next smallest 
dissimilarity (or average dissimilarity) value is grouped 
together next. This process is iteratively repeated until one 
cluster remains. In this manner, the antibodies are grouped 
according to how similar their competition patterns are, com 
pared with the other antibodies. In one embodiment, antibod 
ies are grouped into a dendrogram (sometimes called a “phy 
logenetic tree') whose branch lengths represent the degree of 
similarity between the binding patterns of the two antibodies. 
Long branch lengths between two antibodies indicate they 
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likely bind to different epitopes. Short branch lengths indicate 
that two antibodies likely compete for the same epitope. 
0.137 In a preferred embodiment, the antibodies corre 
sponding to the rows in the matrix are clustered by hierarchi 
cal clustering based on the values in the average dissimilarity 
matrix using an agglomerative nesting Subroutine incorporat 
ing the Manhattan metric with an input dissimilarity matrix of 
the average dissimilarity matrix. In an especially preferred 
embodiment, antibodies are clustered by hierarchical cluster 
ing based on the values in the average dissimilarity matrix 
using the SPLUS 2000 agglomerative nesting subroutine 
using the Manhattan metric with an input dissimilarity matrix 
of the average dissimilarity matrix. (SPLUS 2000 Statistical 
Analysis Software. Insightful Corporation, Seattle, Wash.) 
0.138. In accordance with another aspect of the present 
invention, the degree of similarity between two dendrograms 
provides a measure of the self-consistency of the analyses 
performed by a program applying the CPR process. A non 
limiting theory regarding similarity and consistency predicts 
that a dendrogram generated by clustering rows and a den 
drogram generated by clustering columns of the same back 
ground-normalized signal intensity matrix should be identi 
cal, or nearly so, because: if Antibody #1 and Antibody i2 
compete for the same epitope, then the intensity should below 
when Antibody #1 is the reference antibody and Antibody #2 
is the probe antibody, as well as when Antibody i2 is the 
reference antibody and Antibody # 1 is the probe antibody. 
Likewise, when the two antibodies bind to different epitopes, 
the intensities should be uniformly high. By this reasoning, 
the degree of similarity between two rows of the signal inten 
sity matrix should be the same as between two columns of the 
similarity matrix. A high level of self-consistency between 
row clustering and column clustering Suggests that, for a 
given experiment, the experimental protocol described 
herein, practiced with the program for applying the process of 
the present invention, produces robust results. 
0.139. In accordance with a further aspect of the present 
invention, the degree of overlap between two epitopes may 
also be inferred based on the lengths of the longest branches 
connecting clusters in a dendrogram. For example, if a target 
antigen has two distinct, completely nonoverlapping 
epitopes, then one would expect that an antibody binding to 
one of the epitopes would have an opposite signal intensity 
pattern from an antibody binding to another epitope. Accord 
ing to this reasoning, if the binding sites are nonoverlapping, 
the signal patterns for the set of antibodies binding one 
epitope should be completely anticorrelated to the signal 
pattern for the set of antibodies recognizing the other epitope. 
Hence, dissimilarity values that are close to one (1) for two 
different clusters suggest that the corresponding epitopes do 
not interfere with each other or overlap in their binding sites 
on the antigen. 
0140. The embodiment described in Example 2 below 
demonstrates how clustering results can be displayed as a 
dendrogram (FIG.5) or in matrix form (FIGS. 16 and 17). The 
data points (values of antibodies against the ANTIGEN14 
target) were grouped into a dendrogram whose branch 
lengths represent the degree of similarity between two anti 
bodies, where the dendrogram was generated using the 
Agglomerative Nesting module of the SPLUS 2000 statistical 
analysis software. To facilitate comparison. In FIGS. 16 and 
17, the order of the antibodies in rows and columns of the 
matrices is the same as the order of the antibodies as displayed 
from left to right under the dendrogram in FIG. 5. The indi 
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vidual cells are visually coded by assigning a fill pattern to 
cells according to their numerical value. In FIG.16, cells with 
values below a lower threshold value have forward hatching. 
Cells with values below a lower threshold and an upper 
threshold have no fill pattern. Cells with values above the 
upper threshold have stippling. A block having cells that have 
no fill patternor have forward hatching indicates that all of the 
antibodies corresponding to that block that recognize the 
same epitope. Cells with stippling correspond to antibodies 
that recognize different epitopes. In FIG. 17, the cells are the 
normalized intensity values and are also visually coded 
according to their value. Cells that have forward hatching 
have intensities below a lower threshold, cells with no fill 
pattern have intensities between a lower and an upper thresh 
old, while cells with back hatching have intensities above an 
upper threshold. A cell with forward hatching indicates the 
antibodies in its corresponding row and column compete for 
the same epitope (as the intensity is low). A cell with back 
hatching corresponds to a higher intensity and is indicative 
that the antibodies in the corresponding row and column bind 
to different epitopes. 
0141. The results from this illustrative embodiment (Ex 
ample 2) indicate that the processes of the present invention 
provide a high level of self-consistency for the data with 
regard to revealing whether or not two antibodies compete for 
the same epitope. The symmetry of the fill patterns in FIGS. 
16 and 17 with respect to the diagonal clearly shows this 
self-consistency. The reason is that the antibodies in row A 
and column B are the same pair as in row B and column A. 
Hence, if the pair of antibodies compete for the same epitope, 
then the intensity should be low both when antibody A is the 
primary antibody and antibody B is the secondary antibody, 
as well as when antibody B is the primary antibody and 
antibody B is the secondary antibody. Therefore, the intensity 
for the cell of the ith row and jth column as well that for the jth 
row and ith column should both below. Likewise, if these two 
antibodies recognize different epitopes, then both corre 
sponding intensities should be high. Out of the approximately 
200 pairs of cells in FIG. 17, only one pair showed a discrep 
ancy where one member of the pair had an intensity below 1.5 
while the other member had an intensity above 2.5. The level 
of self-consistency of the resulting normalized matrices pro 
duced by the algorithm provides a measure of the reliability of 
both the data generated as well as the algorithms analysis of 
the data. The high level of self-consistency for the data set 
(over 99%) of antibodies against the ANTIGEN14 target 
Suggest that the data analysis processes disclosed and claimed 
herein generate reliable results. 
0142 
0143 Another aspect of the present invention provides a 
method for combining data sets to overcome limitations of 
experimental systems used to Screen antibodies. By perform 
ing multiple experiments in which each experiment has at 
least Xantibodies in common with each other experiment, and 
providing the multiple resulting data sets as input to the 
clustering process, it should be possible to reliably cluster 
very large numbers of antibodies. By having a set of manti 
bodies in common between the m experiments, it becomes 
possible to infer which cluster antibodies are likely to belong 
to even if they are not tested against every other antibody. This 
Suggests that using this method for data analysis with mul 
tiple data sets, it may be possible to achieve an even higher 
throughput with fewer assays 
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0144. By way of example, the Luminex technology pro 
vides 100 unique fluorochromes, so it is possible to study 100 
antibodies at most in a single experiment. The consistency of 
results produced by the clustering step for individual data sets 
and the combined data set indicate that it is possible to infer 
which epitope is recognized by which antibody, even if the 
epitope and/or antibody are not tested against every other 
antibody. In a preferred embodiment, the CPR process can be 
used to characterize the binding patterns of more than 100 
antibodies by performing multiple experiments using over 
lapping antibody sets. By designing experiments in Such a 
way that each experiment has a set of antibodies in common 
with the other experiments, the combined-average matrix will 
not have any missing data. 
0145 A further aspect provides that the results of data 
analysis for a given set of antibodies are useful to aid in the 
rational design of Subsequent experiments. For example, if a 
data set for a first experiment shows well-defined clusters 
emerging, then the set of antibodies for a second experiment 
should include representative antibodies from the first set of 
antibodies as well as untested antibodies. This approach 
ensures that each set of antibodies has sufficient material to 
define the two epitopes, and that the sets overlap sufficiently 
to permit comparison between sets. By comparing the com 
petition patterns of an untested set of antibodies in the second 
experiment with a sample set of known antibodies from the 
first experiment, it should be possible to determine whether or 
not the untested antibodies recognize the same epitope(s) as 
do the first set of antibodies. This overlapping experimental 
design permits reliable comparison of the competition pat 
terns of the first set with the second set of antibodies, to 
determine whether the antibodies in the second experiment 
recognize existing epitopes, or whether they recognize one or 
more completely novel epitopes. Further, experiments can be 
iteratively designed in an optimal way, so that multiple sets of 
antibodies can be tested against existing and new clusters. 
014.6 Analysis of Data from Multiple Experiments. 
0147 Results from the embodiment described in Example 
3 below, using antibodies against the ANTIGEN39 target, 
demonstrate that the processes disclosed and claimed herein 
are Suitable for analyzing data from multiple experiments. In 
this embodiment, ANTIGEN39 antibodies were tested for 
binding to cell surface ANTIGEN39 antigen, where ANTI 
GEN39 antigen is a cell surface protein. First, normalized 
intensity matrices were generated for each individual experi 
ment, wherein normalized values above a selected threshold 
value are set to the selected threshold value to prevent any 
single normalized intensity value from having too much 
influence on the average value for that antibody pair. A single 
normalized matrix was generated from the individual normal 
ized matrices by taking the average of the normalized inten 
sity values over all experiments for each antibody pair for 
which data was available. Then a single dissimilarity matrix 
was generated as described above, with the exception that the 
fraction of the positions at which two rows, i and differ only 
considers the number of positions for which both rows have 
an intensity value. 
(0.148. For five experiments using ANTIGEN39 antibod 
ies, the clustering results for the five input data sets showed 
that there were a large number of clusters of varying degree of 
similarity, Suggesting the presence of several different 
epitopes, some of which may overlap. This is shown in FIG. 
6A, FIG. 18, FIG. 19, and FIG. 30. For example, the cluster 
containing antibodies 1.17, 1.55, 1.16, 1.11, and 1.12 and the 
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cluster containing 1.21, 2.12, 2.38, 2.35, and 2.1 are fairly 
closely related, as each antibody pair shows no more than 
25% difference, with the exception of 2.35 and 1.11. This 
high degree of similarity across the two clusters suggested 
that the two different epitopes may have a high degree of 
similarity 
014.9 The five data sets from separate experiments using 
ANTIGEN39 antibodies were also independently clustered, 
to demonstrate that the processes disclosed and claimed 
herein produce consistent clustering results. Clustering 
results are summarized in FIGS. 6B-6F and in FIGS. 20-30, 
where FIG. 30 Summarizes the clusters for each of the indi 
vidual data sets and for the combined data set with all of the 
antibodies for the five experiments. FIG. 6B shows the den 
drogram for the ANTIGEN39 antibodies for Experiment 1: 
Antibodies 1.12, 1.63, 1.17, 1.55, and 2.12 consistently clus 
tered together in this experiment as well as in other experi 
ments as do antibodies 1.46, 1.31, 2.17, and 1.29. FIG. 6C 
shows the dendrogram for the ANTIGEN39 antibodies for 
Experiment 2: Antibodies 1.57 and 1.61 consistently clus 
tered together in this experiment as well as in other experi 
mentS. 

0150 FIG. 6D shows the dendrogram for the ANTI 
GEN39 antibodies for Experiment 3: Antibodies 1.55, 1.12, 
1.17, 2.12, 1.11, and 1.21 consistently clustered together in 
this experiment as well as in other experiments. FIG. 6E 
shows the dendrogram for the ANTIGEN39 antibodies for 
experiment 4: Antibodies 1.17, 1.16, 1.55, 1.11, and 1.12 
consistently clustered together in this experiment as well as in 
other experiments as do antibodies 1.31, 1.46, 1.65, and 1.29. 
as well as antibodies 1.57 and 1.61. FIG. 6F shows the den 
drogram for the ANTIGEN39 antibodies for experiment 5: 
Antibodies 1.21, 1.12, 2.12, 2.38, 2.35, and 2.1 consistently 
clustered together in this experiment as well as in other 
experiments. 
0151. In general, the clustering algorithm produced con 
sistent results both among the individual experiments and 
between the combined and individual data sets. Antibodies 
which cluster together or are in neighboring clusters for mul 
tiple individual data sets also cluster together or be in neigh 
boring clusters for the combined data set. For example, cells 
having lighter shading indicate antibodies that consistently 
clustered together in the combined data set and in all of the 
data sets in which they were present (Experiments 1, 3, 4, and 
5). These results indicate that the algorithm produces consis 
tent clustering results both across multiple individual experi 
ments and that it retains the consistency upon the merging of 
multiple data sets. 
0152 Finally, there is a high level of self-consistency for 
the data with regard to revealing whether or not two antibod 
ies compete for the same epitope. The percent of antibody 
pairs for which the data consistently reveals whether or not 
they compete for the same epitope is Summarized for each 
data set in Table 2, below, which reveals that the consistency 
was nearly 90% for four out of the five individual data sets as 
well as for the combined data set. 

TABLE 2 

Percent Consistency Values for ANTIGEN39 Antibody Experiments 

Experiment % Consistency 

1 92 
2 82 
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TABLE 2-continued 

Percent Consistency Values for ANTIGEN39 Antibody Experiments 

Experiment % Consistency 

3 88 
4 92 
5 88 

Combined 88 

0153 Consistency of Epitope Binning Results with Flow 
Cytometry (FACS) Results 
0154 Results from the embodiment described in Example 
3 below, using antibodies against the ANTIGEN39 target 
further demonstrate that results generated by epitope binning 
according to the methods of the present invention are consis 
tent with the results generated using flow cytometry (fluores 
cence-activated cell sorter, FACS). Cells expressing ANTI 
GEN39 were sorted by FACS, and ANTIGEN39-negative 
cells were used as negative controls also sorted by FACS. The 
cell surface binding sites recognized by antibodies from dif 
ferent bins represent different epitopes. FIG.3 shows a com 
parison of results from antibody experiments using the anti 
ANTIGEN39 antibody, with results using FACS. As shown in 
FIG. 3, the antibodies in a given bin are either all positive 
(Bins 1,4,5) or all negative (bins 2 and 3) in FACS, which 
indicates that the antibody epitope binning assay indeed bins 
antibodies based on their epitope binding properties. Thus, 
epitope binning, as described herein, provides an efficient, 
rapid, and reliable method for determining the epitope recog 
nition properties of antibodies, and Sorting and categorizing 
antibodies based on the epitope they recognize. 
0155 Alternative Data Analysis Process and Consistency 
of Epitope Binning with Sequence Results. 
0156 An alternative data analysis process involves sub 
tracting the data matrix for the experiment carried out with 
antigen from the data matrix for the experiment without anti 
gen to generate a normalized background intensity matrix. 
The value in each diagonal cell is then used as a background 
value for determining the binding affinity of the antibody in 
the corresponding column. Cells in each column the normal 
ized background intensity matrix (the Subtracted matrix) hav 
ing values significantly higher than the value of the diagonal 
cell for that column are highlighted or otherwise noted. Gen 
erally, a value of about two times the corresponding diagonal 
is considered "significantly higher, although one of skill in 
the art can determine what increase over background is the 
threshold for “significantly higher in a particular embodi 
ment, taking into account the reagents and conditions used, 
and the “noisiness” of the input data. Columns with similar 
binding patterns are grouped as a bin, and minor differences 
within the bin are identified as sub-bins. This data analysis 
can be carried out automatically for a given set of input data. 
For example, input data can be stored in a computer database 
application where the cells in diagonal are automatically 
marked, and the cells in each column as compared with the 
numbers in diagonal are highlighted, and columns with simi 
lar binding patterns are grouped. 
0157. In a preferred embodiment using fifty-two (52) anti 
bodies against ANTIGEN54, binning results using the data 
analysis process described above correlated with sequence 
analysis the CDR regions of antibodies binned using the 
MCAB competitive antibody assay. The 52 antibodies con 
sisted of 2 or 3 clones from 20 cell lines. As expected, 












