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‘Visualization and Data Mining’

Visualization: certainly! Data Mining: maybe?
(depends on the definition)
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 Example: demographical data
* PCA - some details

 Example: styrene reactor

* (Multi-block and ‘higher order’ PCA)



Principal Component Analysis

Data table/matrix (X)

variables
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Principal Component Analysis
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Demographical data
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Austral 0.0195 0.8600 0.0010 0.0210 0.0985 0.8560 1.3160
Austria 0.0375 0.6950 0.0840 1.7200 0.0985 0.5460 0.6700
Barbado 0.0604 3.0000 0.5480 7.1210 0.0911 0.0240 0.2000
Belgium 0.0354 0.8190 0.3010 5.2570 0.0967 0.5360 1.1960
Brit Gu 0.0671 3.9000 0.0030 0.1920 0.0740 0.0270 0.2350
Bulgari 0.0451 0.7400 0.0720 1.3800 0.0850 0.4560 0.3650
Canada [ 0.0273 0.9000 0.0020 0.2570 0.0975 0.6450 1.9470
Chile 3 0.1279 1.7000 0.0110 1.1640 0.0801 0.2570 0.3790
Costa R o) 0.0789 2.6000 0.0240 0.9480 0.0794 0.3260 0.3570
Cyprus g 0.0299 1.4000 0.0620 1.0420 0.0605 0.0780 0.4670
Czechos < 0.0310 0.6200 0.1080 1.8210 0.0975 0.3980 0.6800
Denmark 0.0237 0.8300 0.1070 1.4340 0.0985 0.5700 1.0570
El Salv 0.0763 5.4000 0.1270 1.4970 0.0394 0.0890 0.2190
Finland 0.0210 1.6000 0.0130 1.5120 0.0985 0.5290 0.7940
France 0.0274 1.0140 0.0830 1.2880 0.0964 0.6670 0.9430
West Ge 0.0338 0.7980 0.2170 3.6310 0.0985 0.5280 0.9270
Yugosla 0.1000 1.6370 0.0730 1.2150 0.0770 0.5240 0.2650

x1000
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Demographical data
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Demographical data
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Demographical data
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T2/P2 80%

o

Demographical data
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PCA - some details:
Math’s

min |[| X-T.P’ |2 t.t;=0/p.p/ = Il pi [ =1

X=tp’+E 2> E=X-t.p’

* NIPALS-algorithm

(power method)

- Eigenvalue decomposition
(XX)A=tA p=t.X

— * Singular Value Decomposition
X=UD.P=T.P’

* Alternating Least Squares
X~A.B’ rotate> X=~T.P’

=k

- Principal Factor Analysis
Orthogonal/Non-orthogonal rotation



PCA - some details:
Preprocessing

variable #2

« Mean center
 Auto scale
e Transformations? variable #1




PCA - some details:
Missing values

 PCA models can handle a modest amount of missing data
* Imputation, expectation maximization, ...
* Depends on the structure of the ‘non-missing’ data.
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PCA - some details:
Number of factors

« Mathematical rank v. ‘true rank’ (e.g. chemical rank)

* Percentage explained variance per factor
* Cross validation

X ‘X t,.p,’ t,.p,’ )

-1 - L

T X=X, = ‘E’+E ‘




* New object x’:

t=P’.x

-]

« MSPM/MSPC

variable #2

PCA - some details:
New data

.jiactor 2

*
‘0
*
*

factor 1

variable #1



PCA - some details:
Diagnostics

» Score values t,
Position of objects in the new factor-space

* Loading values p,_
Role of original variables in determining the new factor-space

* Percentage explained variance
SE X3 =IE(tp)R+Ie?

* Leverage h,
How important is an object compared the rest of the data set
hi, = Xt J/(t,.t,)

- Residuals e,
How much structure/information remains after n-factors
objects: Xe? over rows variables: Xe? over columns



Styrene reactor

AIBN initiator-driven polymerisation of
styrene in a tubular reactor

5 temperatures

3 experiments, each with a duration
of 850 time points (5 hours)

Data matrices: Sxtemp.

time time

time

Eirculatnr

tbath
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Styrene reactor
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Multi-block PCA
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PARAFAC

’Higher order’ PCA




Theory session li:
Multivariate Regression using Partial Least Squares

Regression
X > 1Y
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 Partial Least Squares Regression

* PLS - some details

« Example: demographical data
 (Multi-block and ‘higher order’ PLS)

« Computer exercises



Partial Least Squares

Data table/matrix (X) Data table/matrix (Y)
variables variables

objects #1 #2 #3 (]
(samples) #1 #2
1 X X X y y
2 X X X y y
3 X X X y y
4 X X X y y
5 X X X y y
6 X X X y y
7 X X X y y
8 X X X y y

. o



PLS - some details:
Math’s

y=Xb+f
X.y=X.Xb

(X" X)Xy = (X°.X)1.(X".X).b

Y
“(X.X) [ (X*.X) = 1”

(X X)1.Xy = b
*

(OLS/MLR solution)

X!




PLS - some details:

Math’s

X=T.P°+E (pca
y=T.q+f

Ty=T.T.q

(T’.)1.T.y=(T.T)'.(T.T).q

(T.T)". Ty =q
*

(PCR solution, y = X.b = X.P.q)




PLS - some details:
Math’s

BUT... max (cov(t,u) | Xw =t, || w || =1)

X=tp’+E > E=X-tp’
Y=tq+F > F=Y-tq

(PLS solution, y = X.b = X.W.(P".W)".q)



PLS - some details:
Number of factors

 Leave-one-out cross validation
model predict

* RIVISPcv = \/ (Z(y - yhat)zln)

root mean squared error of prediction



Demographical data
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Demographical data
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RMSP
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Demographical data
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Multi-block PLS

[, ] )
Wy

i

t;

—W,
U
t,
—, =q,
o |
u, u,



'Higher order’ PLS
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Computer exercises ‘Foods’

* 16 countries x 20 food/consumption related variables

k& The Unscrambler - [Foods]

@ File Edt “iew Plot Modify Task HBesults Window Help
=el sl &2 =] Hl & Bl = | ElEE] =

Gr_Coffe [Inst_Caoffe Tea Sweetner| Biscuits |Pa_Soup | Ti_Saup | In_Fotat | Fro_Fish | Fro_Meg | App
1 2 3 4 5 6 7 8 9 10 11
Germanﬁ; 1| 900000 490000 88.0000 1900000 57.0000 4&1.0000 19.0000 21.0000 27.0000 21.00000 81.4
[ 1taly 2| 820000 100000 &O.0OO00 20000 650000 410000 @ 3.0000 2.0000 400000 20000 &7.Q
|France 3 | 8800000 420000 &3.0000 4.00000 FE.O0000 S3.0000 11.00000 23.0000 11.0000 500000 &7.0
| Holland 4 | 960000 EB20000 980000 320000 B2.0000 &7.0000 430000 7.00000 140000 140000 8310
Elelgium 5 | 940000 380000 480000 11.0000 74.0000 37.0000 23.0000 9.0000 130000 120000 760
|Luxernbou |6 | 97.0000 §1.0000 86.0000 28.0000 79.0000 73.0000 12.0000 T.00000 260000 230000 8510
|Enaland ¥ | 27.00000 8B.0000 890000 2200000 91.0000 550000 76.00000 17.0000 200000 2400000 76.0
| Fortugal & | 720000 260000 7F7.0000 @ 20000 220000 340000 @ 4.0000 A.0000 200000  3.0000 22.10
EEE 9 | 550000 31.0000 &1.0000 4150000 29.0000 330000 @ 4.0000 f.0000 1450000 11.0000 4810
Swiizerl 10| 730000 720000 850000 250000 31.0000 @90000 100000 47.0000 190000 1500000 794
Sweden 11| 97.0000 13.0000 93.0000/ 31.0000 m| 430000 430000 39.0000 54.00000 450000 560
| Denmark 12| 960000 17.0000 920000 350000 660000 320000 A7.0000 41.0000 4S1.00000 4200000 81.0
Nn:urwaﬁ,r 13| 920000 17.0000 8&3.0000 430000 620000 4&1.0000  4.0000 A7.0000 300000 44500000 61.0
| Finland 14| 98.0000 120000 &4.0000 200000 G4.00000 27.0000 100000 8.0000 180000 120000 A0
| Spain 15| Y0.0000, 40.0000 4IZI.IZ|I:IIIIIJ G2.0000 430000 20000 140000 23.00000  7.0000 4994
Ireland 16| 30,0000, &Z.0000 99.0000 11.0000 800000 750000 180000 2.0000 5.00000 30000 &7




Computer exercises ‘Foods’

200000 10.00000 &0.00000 20000 550000 41.00000 300000 20000 40000 20000 67.0000 F1.0000
000000 420000 &3.00000 40000 Y600000 530000 11.00000 230000 11.0000 @ 50000 87.0000 24.0000
H.0000 G2.0000 93.00000 32.00 Principal Component Analysis I 83.0000 890000
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Computer exercises ‘Foods’

* Is Finland part of Scandinavia, and why not?
« Can the data divide Europe in ‘food-compartments’?
 And which products make the split?

« Can you predict coffee consumption?



Computer exercises ‘Octane’
(Back-up)

« 39 gasoline samples x NIR spectra (= 226 variables)

« Octane number
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