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» Motivation

« Atmospheric particle research

o Aerosol Time-Of-Flight Mass Spectrometer
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» Motivation

 Particle Composition Analysis
 Why Cluster?

e Large Datasets (1,000 particles per minute)

e Learn about particle types

e Art2a: “Standard” clustering algorithm for chemists

e KMeans/KMedians untested
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* Normalized Data

« Normalize: Adjust the & +
scale so the magnitude
of the particle’s vector e

equals 1

e |Interested in values
relative to each other

Relative Intensity
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» Standard data

e First consider non-normalized data

« \Want to give chemists ability to use

— KMeans
— KMedians
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» KMeans : A Review

* |Input parameter k = number of clusters algorithm will
produce

e Cluster center = mean (points in cluster)

e The mean of a cluster minimizes the Euclidean
Squared (2-norm) distance:

(a,b)

o!
d = +/(x—a)2 + (y —h)?
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» KMedians

 If you want to make algorithm more robust to outliers,
you would want to use the median

e Cluster center = median (points in cluster)

 The median of a cluster minimizes the Manhattan (1-
norm) distance (also known as City Block):

(a,b)

O
d =|x—al+|y—b| é)
(X, y)
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* KMeans / KMedians Example

Need to know k, the number of clusters desired. k = 3.
1. Choose k arbitrary points as initial cluster centers.
2. Assign all other points to closest cluster center.
3. Re-evaluate the cluster center.
4. Repeat steps 2 & 3 until clusters are considered stable.
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W Setting up the Problem

Standard Data Normalized Data

-
S “Spherical KMeans”
% s KMeans (Dhillon & Modha,
u:j (%' 2001)
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W Setting up the Problem

 Observation: Manhattan distance Is
computed independently along each axis
o A different way of viewing dimensions

— Example: Plot point (3,3,2)
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* Example

GOAL: to find an optimal normalized cluster center

Cluster:

(1/5,1/5,3/5)|  3/5 ® 3/5 @
(1/5,1/5,3/5)

(1/5,3/5,1/5)
(1/5,3/5,1/5)
(3/5,1/5,1/5)

15 ¢ 1/5 op0

0 0
X Y V4 X Y V4
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= Example

Median:

(1/5,1/5,1/5)
3/5 ¢ @ op 3/5 COINNGS

Norm. Median:

(1/3,1/3,1/3)

1/3 (|

| | |
1/50480 o0 o ® 1/5¢80 &0 0
: -
X Y Z X Y Z
Normalized Normalized Median
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* Example

Measure the Error:
» 5  have an error of 4/15
10 O have an error of 2/15

= 4/15

Total Error:
= 2/15 o5(4/195)

X Y Z

Normalized Median
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* Example

3/5 ®© P

2/5

1/5@30 0 oo
X Y Z

Normalized Median

SDM 2006

Measure the Error:
+ 1 @ has an error of 2/5
10 O have an error of 1/5

|=115

Total Error:
| =1/8 1(2/5)
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W Setting up the Problem

Standard Data Normalized Data

-
S “Spherical KMeans”
=S KMeans (Dhillon & Modha,
z cf')_ 2001)

c

2 “Manhattan

Y : anna

:—_% KMedians Normalization”
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* The Crux of the MN Algorithm

Consider 2 points along 1 dimension

Point A @ Point A ﬁl? PointA ¢

P

PointB © Point B cl) Point B @
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* The Crux of the MN Algorithm

Add another point (Point C)

Point A @ Point A CIJ PointA ¢

P

Points Points Points
B,C oo B,C o B,C @
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* The MN Algorithm

1. Initialize cluster center C to be the
median of the cluster. If |C| =1, we are
done.

2. Find the number of values that are
strictly greater than C_, for each
dimension.

3. Find the dimension that has the most
values above C,..

4. Redefine C, to be the smallest value
greater than the old C,..

5.1f|C| =1, we are done.

335 ¢ @ ep

e If|C| <1, goto step 2.

« If|C| >1, redefine C_, so |C| = 1.




» Compare with Scaled Norm.

Scaled Chosen Manhattan Normalized
Cluster Center Cluster Center Cluster Center
35 ¢ ¢ ep 35 ¢ ¢ ep 35 ¢ @ e
2/5
1/3
1/5 egoo T 1/56g8® ¢ o0 1563 ops @@
X Y Z X Y Z X Y Z

Error = 2.667 Error = 2.4 Error = 2.0
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» Theorem

Given a set of points X;,X,,...,X, where
lIxi||1=1, I=1,...,n, the MN algorithm
finds a point c (||c||1=1) that
minimizes the total 1-norm error from
all points to It.

SDM 2006 Anna Ritz, Carleton College =



» Contents

e Motivation & Background
 Problem with KMedians

e Our Solution: The MN Algorithm
 EXperiments

SDM 2006 Anna Ritz, Carleton College =



= Experiment 1. Word Frequency

e 5 different authors, hundreds of sonnets
* Relative word frequency

o Assumption - Similar sonnets have the
same author

* \We know how the clusters should look
« Tests how “good” the cluster results are
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= Experiment 1: Word Frequency

Cluster
Distribution
Graphs

B Rossetti

O Spenser

O Browning

B Sidney

B Shakespeare
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Manhattan Normalization At Each lteration

Scaled Normalization At Each lteration
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= Experiment 2. Aerosols

I .{“n LL‘ l\h b

)

"

100

Smoke (St. Louis)

Brake Dust (Atlanta)

e 2004 dataset; roughly 3,000 particles
e Cannot predict clustering results

* Rely on error to judge algorithm

— Error: The sum of the distance of all points In
a cluster to the cluster center.

SDM 2006
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= Experiment 2. Aerosols
Error vs. lteration for KMedians

4 5 6 7 8 9 10
[teration

\
5 7 9 11 13 Yy 17
Iteration N

=== \anhattan Normalization at each iteration

. . . LN
Manhattan Normalization at each iteration « —=S caled Normalization at each iteration

-=Scaled Normalization at each iteration

e 17 iterations, error decreases with each iteration

 MN consistently lower than Scaled Normalization
for this dataset
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W Further Study

Enchilada

File Edit Analysis Collection Datatype Help
[New Empty Collection|import from MS-Analyze|import CSV|Import Enchilada Data Sets Import AMS Data Sets Export to MS-Analyze
Collections Particle List | Collection Information |
= :
9 O] KMeans k=3,CLUST |Eﬂﬂiﬂlelnde$ 1-31 "|

[l AtarmliD Time LaserPower Size ScatDelay  |CrigFilename
d 2 2003-12-03 |0.001306 0o 2588 CiDocume... |-

d 3 2003-12-03 ..|0.00123 0o 2746 ChADocume. .

2003-12-03 .|0.001298 0o 2EY8 ChADocume. .

2003-12-03 .|0.00128699. (0.0 314 ChADocume. .

2003-12-03 .|0.00127900.. (0.0 2784 ChADocume. .

10 2003-12-03 ..|0.00130499 (0.0 27h3 ChADocume. .

Aggregate Selected 11 2003-12-03 ..|0.00121099. (0.0 28463 ChADocume. .

................................................................ 14 2003-1 2-03 DDD1 228 DD 28?9 CIDUCUmE
.............. Synchrumzedﬁmeﬁenes = T o SE Crdosume.. |
18 2003-12-03 .|0.001302 0o 2714 CiADocume... | —

21 2003-12-03 .|0.00125100.. (0.0 2720 ChADocume. .

22 2003-12-03 .)0.001313 0o 2628 ChADocume. .

23 2003-12-03 .|0.001253 0o 2785 ChADocume. .

258 2003-12-03 .|0.001311 0o 2ET2 ChADocume. .

26 2003-12-03 .|0.001 2645 0o 2706 ChADocume. .

) 2003-12-03 .|0.001289 0o 2842 ChADocume. .

32 2003-12-03 ..|0.00125899 (0.0 2653 ChADocume. .
33 2003-12-03 |0.001263 0o 2647 ChADocume... —

348 2003-12-03 .|0.001239 0o 2618 ChADocume. .

36 2003-12-03 .|0.00129¥00.. (0.0 2706 ChADocume. .

ar 2003-12-03 |0.001274 0o 2583 ChADocume. .

40 2003-12-03 |0.001214 0o 2805 ChADocume. .
41 2003-12-03 |0.001304 0o 2539 ChDocume... |—
45 003-17-03__lnan1231 onn 2ETT CiQncume LT

Map Values Analyze Particle
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