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What is it?

oloration and analysis of data In
scover patterns, correlations and

" regu

larities.”

nere are two main datamining tasks

* Predicting — "pattern” identification

Establishes “causal’ statistical relations

* Profiling - “pattern” description
|dentifies what are the key drivers associated with a pattern

* There are three main requirements

* Data; data processors; inference algorithms
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An example of datamining...

TRAIN DATA TEST DATA
Number of fields: 86 Number of fields: 85
Number of records: 5822 Number of records: 4000
- Minimum  Maximum Mean Std Minimum  Maximum Mean Std
w h WI I I n MOSTYPE 1 41 24.25 12.85 1 41 24.25 13.02
MAANTHUI 1 10 1.11 0.41 1 10 1.1 0.42
MGEMOMV 1 5 2.68 0.79 1 6 2.68 0.77
] - MGEMLEEF 1 6 2.99 0.81 1 6 3.00 0.79
, MOSHOOFD 1 10 5.77 2.86 1 10 5.79 2.90
insurance policy? =
MGODPR 0 9 4.63 1.72 0 9 4.65 1.73
MGODOV 0 5 1.07 1.02 0 5 1.02 1.00
MGODGE 0 9 3.26 1.60 0 9 3.27 1.62
MRELGE 0 9 6.18 1.91 0 9 6.20 1.88
IDENTIFIER MOSTYPE MAANTHUI MGEMOMV MGEMLEEF MOSHOOFD MGODRK MGODPR MGODOV ~MGODGE MRELSA 0 7 0.88 0.97 0 7 0.86 0.96
MRELOV 0 9 2.29 1.72 0 9 2.28 1.69
1 33 1 3 2 8 0 5 1 3 MFALLEEN 0 9 1.89 1.80 0 9 1.89 1.75
2 37 1 2 2 8 1 4 1 4 MFGEKIND 0 9 3.23 1.62 0 9 3.25 1.59
MFWEKIND 0 9 4.30 2.01 0 9 4.31 1.95
¢ 5 ! 2 2 8 0 4 2 4 > MOPLHOOG 0 9 1.46 1.62 0 9 1.52 1.68
4 9 1 3 3 3 2 3 2 4 MOPLMIDD 0 9 3.35 1.76 0 9 3.24 1.67
5 40 1 4 2 10 1 4 1 4 MOPLLAAG 0 9 4.57 2.30 0 9 4.62 2.25
6 23 1 2 1 5 0 5 0 5 MBERHOOG 0 9 1.90 1.80 0 9 1.90 1.84
7 39 2 3 2 9 2 2 0 5 MBERZELF 0 5 0.40 0.78 0 5 0.41 0.80
8 3 1 2 3 8 0 7 0 2 MBERBOER 0 9 0.52 1.06 0 9 0.58 1.17
9 33 1 2 4 8 0 1 3 6 - = DESCRIPTION USED CARDINALITY MIN_VALUES MAX VALUES
10 11 2 3 3 3 3 5 0 2 es c rl p I o n Customer Subtype 1 41 1 41
1 10 1 4 3 3 1 4 1 4 Number of houses 1 10 1 10
12 9 1 3 3 3 1 3 2 4 f h Aw size household 1 6 1 6
Avg age 1 6 1 6
19 33 ! 2 3 8 ! 4 ! 4 o t e d ata Customer main type 1 10 1 10
14 4 1 3 3 10 0 5 0 4 Roman catholic 1 10 0 9
15 23 1 1 2 5 0 6 1 2 Protestant 1 10 0 9
16 33 1 2 3 8 0 7 0 2 Other religion 1 10 0 9
17 38 1 2 3 9 0 6 0 3 No religion 1 10 0 9
Married 1 10 0 9
I 2 2 3 3 5 0 5 0 4 > Living together 1 10 0 9
19 13 1 4 2 3 2 4 0 3 Other relation 1 10 0 9
20 3 1 2 4 7 0 2 0 7 Singles 1 10 0 9
2 33 1 4 3 8 0 6 0 3 Household without children 1 10 0 9
9] 33 2 3 3 8 0 4 2 3 Household with children 1 10 0 9
High level education 1 10 0 9
% 13 ! 3 2 3 f ! 0 2 Medium level education 1 10 0 9
24 34 2 3 2 8 0 7 0 2 Lower level education 1 10 0 9
High status 1 10 0 9
Entrepreneur 1 10 0 9
Farmer 1 10 0 9
Middle management 1 10 0 9
Skilled labourers 1 10 0 9
Unskilled labourers 1 10 0 9
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Table 22.1 Most Important Uniperspective Drivers for Mobile Home Insurance Purchasers

Number of Number of
Customers Purchasers
Profile Driver £ With Driver With Driver %o
Auto insurance contribution $500-$2.500 10.81 2,319 262 11.3
Fire insurance contribution $100-$250 0.36 1.226 151 12.3 M Od e I
Boat insurance policy 7.69 31 12 38.7 -
High purchasing power 7.49 474 67 14.1 construct I o “
Middle-class families 7.04 339 51 15.0
> Driven growers 502 66 13.1 6.78
Two auto insurance policies 6.27 246 38 15.4 N (Class) = N (No Class) =
348 5474
One auto insurance policy 6.07 2,712 237 8.7 | > b (Class) pyp— b (No Giss) py—
ass) = .| 0 Class) = .
Third-party insurance contribution $25-%50 5.83 2,128 191 9.0
One third-party insurance policy 537 2334 201 8.6 Field Value (Field = Value | Clas? (Field = Value | ClassO[P (Field = Value | CField = Value | No Cl¢Field = Value | No Cla! (Field = Value | No
. - . MOSTYPE 1 13 0.037356 -1.427636 111 0.020278 -1.692982
Feat u re Social Security insurance contribution 5.23 81 16 19.8 MOSTYPE 2 6 0.017241 1763428 76 0.013884 1 857491
MOSTYPE 3 25 0.071839 -1.143639 224 0.040921 -1.388057
- MOSTYPE 4 2 0.005747 -2.240549 50 0.009134; -2.039335
S e e c I o n - MOSTYPE 5 2 0.005747 -2.240549 43 0.007855 -2.104836
ro I e MOSTYPE 6 12 0.034483 -1.462398 107 0.019547 -1.708921
MOSTYPE 7 3 0.008621 -2.064458 41 0.007490 -2.125521
MOSTYPE 8 51 0.146552 -0.834009 288 0.052612 -1.278912
MOSTYPE 9 12 0.034483 -1.462398 266 0.048593 -1.313423
IDENTIFIER ~ SCORE MOSTYPE 10 9 0.025862 1.587337 156 0.028498 1.545180
1 -2.09349915 MOSTYPE 1 9 0.025862 -1.587337 144 0.026306 -1.579942
2 4' SBITT605 MOSTYPE 12 16 0.045977 -1.337459 9 0.017355 -1.760581
. < MOSTYPE 13 13 0.037356 -1.427636 166! 0.030325 -1.518197
3 1.63224903 MOSTYPE 14 0 0.000000 1.000000 0 0.000000 1.000000
4 0.15334467 MOSTYPE 15 0 0.000000 1.000000 5 0.000913 -3.039335
5 -3.61928271 MOSTYPE 16 0 0.000000 1.000000 16 0.002923 -2.534185
6 -4.09623639 P d - t - MOSTYPE 17 0 0.000000 1.000000 9 0.001644 -2.784062
7 1.35055102 MOSTYPE 18 0 0.000000 1.000000 19 0.003471 2459551
8 3.30637666 re I c I o n S MOSTYPE 19 0 0.000000 1.000000 3 0.000548 -3.261184
9 0-31675739 MOSTYPE 20 2 0.005747 -2.240549 23 0.004202 -2.376577
: MOSTYPE 21 0 0.000000 1.000000 15 0.002740 -2.562214
< 10 1.92161957 MOSTYPE 2 4 0011494 1.939519 % 0.017172 A.765177
11 -4.87274355
12 2.50316284
13 -0.402142
What next...? B
EEE = 15 -3.78862209
16 -4.80597027
17 -0.69363628
18 0.42011252
19 -5.77513435
20 0.51878013
21 -2.81516504
Microsoft: Research . 22 -0.5358966
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Some other examples of datamining...

Quorum Sensing

What's the
difference/same
between these and
predicting who's going
to buy an insurance
policy?
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Different data, different data
processors and different
inference algorithms

Same goal of modeling a
complex world for decision
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m -volution produces dataminers

Evolution has created some incredible "dataminers”, with the
capacity to "sense”and "process"” data from an immensely complex

environment, "“infer” what is going to happen and take corresponding
decisions.

But. ..
There are blases in the datamining...

Fach organism is adapted to sense only certain data types -
electromagnetic, acoustic, chemical etc.; inferences are heavily biased
to avoliding bad things (false positives much less important than false
negatives); feature selection and the restrictions of dimensionality (we
live In a Euclidean world)
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Three important points to remember
m about datamining In the real world...

) Data (biological or non-biological) Is a "coarse grained" proxy
forthe real world

2) The real world Is complex, incorporates factors and variables
from the micro to the macro

3) The real world Is adaptive, what we do In it changes it

mmmmmmmm
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n_m Datamining in the XXIst century
What's so special now?

For the first time in history the data captured and stored in non-biological

substrates is much larger than that in biological substrates
~107- 107 bits produced per year; about a ten thousand DVDs for every
person on the planet
It Is data that can be a direct or indirect representation of the "environment” and

its adaptive dynamics
Examples: data from all transactions in financial markets; customer purchasing data
(Walmart); satellite image data. ..
Concept of a "genotype-phenotype” map for data

But...
Data Is blased, not objective enough, not comprehensive
enough, not integrated enough, ...
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na i ?
o And making inferences...

The Predictability Landscape

probability causation
versus P(C‘X(t)) Versus
regression ﬂ correlation

What we want ﬁ
L0 know - our

goals The complex
dynamic, adaptive
‘environment”

mmmmmmmm



INnferring ecoloqgical

A network of the most important potential interactions between
vector and mammal
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Challenge: High dimensional
Spatial data mining
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How to model a complex world?

interactions for emerging diseases

By (spatial) datamining
species distribution data
have identified 21 new
species of reservoir of
the emerging disease

B aueruz dubiaquercus

Converted 440 discrete
spatial distributions to a
easily interpretable

e S CcOMPlex network

Stephens CR, Heau JG, Gonzalez C, |barra-Cerdefia CN,

Sanchez-Cordero V, et al. ... PLoS ONE 4(5): e5725

(2009)

R. Sierra and C.R. Stephens, International Journal of

Geographical Information Systems 26, 441-468 (2012)
Microsoft



How to model a

complex world?
Predicting the dynamics

of high school dropouts

District Level - Dropouts

Program Details Historical Dropout Rates Student List

Home el School List

Dropout Statistics

Export to PDF

May 21, 2012

Export to XLS Export to CSW

Challenge: How do we model the

effects of Interventions?

Microsoft: Research

District Level - Student List May 21, 2012
Home | Dropouts | SchoolList | Program Detals | Historical Dropout Rates [ Stuzent Lst ]
Schoal ear: Student Murber: Last Mare: LEEP Avalable:
a1 M Show £l Regardiess of LEEP [§d]
Current Year Probability: School Search: Grade Level:
Minimum| 0 % Maximum | 0 % - #ll 5chaoks - [~ 0
Clear Fiter Search
Current
Schoal | Student Vaar » Last Vear Lan! Grade
Year | Mumber Lasel FligE TS Schoal Name Probability Probability % EH Absences lnllezg Level
Yo
2011 136925 Samantha a[C(I}(HERLYIEINGHAM @ 4% 9.27 % 0.59 38 9 ﬂ
2011 11015 Jason AUERLTENGHA @ g2a4  1267% N 9
2011 68134 Aireail :%IAEY TRADITIONAL @ 5707 % 20,01 % 138 47 11
2011 109258 Baobby SHAWMEE HIGH @ 5684 % 4056% 055 44 9
2011 72261 Stephen VRLLEYTRADITIONAL @ s528%  4164% 0.0 1
2011 75138 Brittany LIBERTY HIGH @ H471% 48.37 % 0.00 12 11
2011 71717 Lajuanta LIBERTY HIGH @ 137 % 48,20 % 0.20 4 12
LOUISYILLE METRO
2011 99388 Damontraz YOLITH CENTER @ 5306% F16% 112 46 10

District Forecast
Tl Actual
. _ [2.03 %]
210% ] - EFEA § redeted
1.80 % |
[1.15 %] —_1.19 e

1.20 %

0.90 % |

0.60 % |

0.30 % -

0.00 %

2007 2008 2009 2010 2011

School Year * | Total Population Actual Dropouts Predicted Dropouts Actual Dropout 2% Dropout Probability %6

2011 00533 1176 1187 1.12 % 1.19 %

2010 104580 1457 1432 1.40 % 1.37 %

2009 104441 2045 2122 1.96 % 2.032 %

2002 104436 2145 2265 2.05 % 2.17 %

B e e S e T

District Level - LEEP Intervention Alert May 21, 2012

Horme Dropouts Schiool List Program Details Historical Dropout Rates Student List

Program Impact for: LEEP

Reduction in Dropouts

Last Year's Intervention value Current Year Intervention Value Intervention Potential

5%

4% ‘18%

& Show participating Students ' Show Potential Students Ranked by Highest Impact

Currently in Program

YES
YES
YES
YES
YES
YES

www.adaptiveinc.com
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Probabililty .. ; ) o
Student Nurnber | Last Name | First Name Schoaol Mame In;vairt\tj;#tk‘on p;ﬁ?;?\:'gxt;’;'r:h d\l‘:?ﬁ%?;\:gg;‘;ﬂty
87721 S Bayrmeen DOSS HIGH 74 16 58
62372 akeam SOUTHERM HIGH =] 40 29
Q6225 hristopher  SHAWRNEE HIGH 39 1z 27
528939 ourtney FAIRDALE HIGH 24 1z 22
82741 iah DOSS HIGH 40 21 19
82348 orniona DOSS HIGH a0 14 16
106238 hila DOSS HIGH 23 9 14
98417 arshaan 5T o ONTOWN 26 12 14

YES

YES



- How to model a complex world?
lm How do you model nothing?

Problem: Predict the probability that

Start rate for different YES windows for package SomeOﬂe V\/||| Sta rt C|aSSGS at a
university.
: e \NNat IS the role of when an event
Z 0.4 I I I e OCCUFS a nd n Graph of start rate for different NO windows

Start rate

-

...the role of when an event ; e
doesn't occur, e.g., financial 3 J
packaging 'u

---- i kel MMM WHNN™  NENRNNNY WRNNRN
Window

Challenge: How do we model histories?
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Conclusions

&4
Much can be learned by considering datamining not as a branch
of computer science but as a fundamental task of all evolving systems.

But. ..
There are biases in the datamining...

Each organism is adapted to sense only certain data types -
electromagnetic, acoustic, chemical etc.; inferences are heavily blased
to avoiding bad things (false positives much less important than false
negatives); feature selection and the restrictions of dimensionality (we
live In a Euclidean world); data, although integrated, Is generally at the
individual level, 1.e., not distributed

There is now available vast quantities of data in non-biological
supbstrates
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E_m Conclusions
Challenges

1) How do we model complex systems?
— How to Iincorporate factors from the micro to the macro?
« How much data? What types? Data integration
— Biological systems already successfully model complex systems
(but unconsciously)
* How do they do it?

1) How do we model complex systems that are represented by large numbers
of related spatio-temporal distributions?

1) How do we model the effect of interventions?

111) How do we model histories?

Microsoft: Research
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m Prediction

The XXIst century will be
dominated by complexity science

Datamining will be the most
mportant paradigm for modelling
complexity and a complex worlo

mmmmmmmm
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