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Introduction

Baire space consists of countable infinite sequence with a
metric defined in terms of the longest common prefix [A.
Levi. Basic set theory, Dover, 1979 (reprinted 2002)]

(The longer the common prefix, the closer a par of
sequence)

Consider two floating point numbers with the first p digits
identical. Then what we call their Baire distance is 2°7. This
distance is an ultrametric. [see http://www.cs.rhul.ac.uk/~fionn/papers]



http://www.cs.rhul.ac.uk/~fionn/papers%5D
http://www.cs.rhul.ac.uk/~fionn/papers%5D

Introduction

It follows that a hierarchy can be used to represent the
relationships associated with this distance.

We address the issue of whether such a hierarchy is
advantageous, computationally, for clustering large, high
dimensional data sets

We seek to find inherent hierarchical structure in data,
rather than fitting a hierarchy structure to data (as is
traditionally used in multivariate data analysis).
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Baire, or longest common prefix,
ultrametric

Case of vectors x and vy, with 1 attribute. Precision:
digits 1, 2, ..., |K]

1 if ©1 # y1
inf 27" x,=vy, 1<n<|K|

dp(TK,YK) = {

— Each coordinate is normalized, so is a floating point
value.

— Then: we will define dz(x,y) based on sharing
common prefix in all coordinates.




Baire, or longest common prefix

An example of Baire distance for two numbers
(x and y) using a precision of 4

Baire distance between Xx and v

X =0 d;B(x4’y4)=2—3=‘K‘=3

it
4278 Thatis:

k=1 -> X(= y( -> 4
k=2 - > X(= y( - > 2
k=3 -> Xk # Yk —> 5+7

0

<
1




Motivation: Matching of
Chemical Structures

One of the most common problems in

mining large chemical libraries is classifying
the compounds into different classes.

Different classes could represent different
levels of activity or could represent different
types of compounds.




Motivation: Matching of
Chemical Structures

— Clustering of compounds based on chemical descriptors
or chemical representations, in the pharmaceutical
industry.

— Used for screening large corporate databases.

— Chemical warehouses are expanding due to mergers,
acquisitions, and the synthetic explosion brought about
by combinatorial chemistry.

— We have started looking for local or global ultrametric
characteristics on 1.2 million structures, with around
1500 descriptors. Later: larger sets.




Binary Fingerprints

CH;

Cl NH,
Encode
OO | > 100010001...1

NH,

Fixed length bit strings such as:
Daylight
MDL

BCI
etc.
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Data Characterization

Data characteristics: 1.2M chemicals crossed by 1052 presence/absence attributes.

Histogram of attribute masses
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Data Characterization

Data characteristics: 1.2M chemicals crossed by 1052 presence/absence attributes.

Log-log plot: number of chemicals per attribute
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Data Characterization

Histogram of presence/absences
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Data Characterization

Then we have a data set that is:
— Highly sparse, occupancy is 8.6347%
— Attributes per chemical are = Gaussian

— Chemical per attributes follows power law with
exponent = 1.23




Simple clustering hierarchy

— For precision k, k =1, 2, ..., |K]
— For attribute set, ]
— Determine random projections of all chemical vectors

— Sort projected values; determine identical values, to define
cluster, implying chemicals that are projected into same value

— Find: for sets of 7500 chemicals, approx. 140 clusters at
precision (number of digits) 1; approx. 2550 clusters at
precision 2; approx. 6400 clusters at precision 3

— Appraisal of precision 1 case vis—-a-vis k-means shows
considerable similarity of results




Random projection schematically
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Random projection and hashing

Random vector

3 In fact random projection
here works as a class of hashing
2 o function. Hashing is much faster
N \ than alternative methods because
avoid the pair-wise comparisons
required for partition and
classification

0@
0 | 2 3

If two points (p, q) are close, they will have a very small |p-q|
(Euclidean metric) value; and they will hash to the same value

with high probability; if they are distant, they should collide with
small probability
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Some results: Cluster example

Sig. dig. k | No clusters

6591
6507
5735

6481
6402
5360

2519
2576
2135

138
148
167

===  NNPNN WWW DNDND

Results for the three different data sets, each consisting
of 7500 chemicals, are shown in immediate succession.
The number of significant decimal digits is 4 (more
precise, and hence more different clusters found), 3, 2,
and 1 (lowest precision in terms of significant digits).



Rﬂ"r'i-ll HIJ] IH"H-'H}'

L]I'I]';.'I'.'r.lil'F of London

Comparative evaluation

Sig. Dig. No. Clusters |Largest cluster| No. discrep. |No. discrep. cl.
1 138 7037 3 3
1 148 7034 1 1
1 167 6923 9 7/

Comparative evaluation: Results of k-means using as input the

cluster centers provided by the 1 sig. dig. Baire approach relating to

7500 chemical structures, with 1052 descriptors.

Sig. dig. : number of significant digits used.
No. clusters: number of clusters in the data set of 7500 chemical structures, associated with the
number of significant digits used in the Baire scheme.
Largest cluster : cardinality.
No. discrep. : number of discrepancies found in k-means clustering outcome.
No. discrep. cl. : number of clusters containing these discrepant assignments.




Current and future Work

— Textual information search in large backup or archived
(document, email, etc.) repositories. Collaboration with

ThinkingSAFE UK.

— To support emergent compliance legislation

— To be efficient and scalable to ~ 50 million documents

— Explore efficient hierarchy labeling for large repositories.
e.g. BDB




Conclusion

— We find unusual symmetries in high dimensions (or
low sample data) spaces

— Scalability is fundamental to handle requirements
of massive data set analysis/processing

— Data coding is an essential part of data analysis
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