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Data Reduction: Selection, Weighting, PCA, PLS
Clustering: ABC clustering.

Classification: Enriched Classifiers: Random Forest
Classification: Ensemble Classifiers

LASSO and other (if there is time)



| Microarray data as Multivariate Data |

Gene Expressions: Gxpmatrix Genes are variables => G>p

Ly, Mg
. . r.,1...r
Correlation Matrix: R=| % 26
PO P |

Dim(R) = GxG and G is between is generally up to 50000 or more,
this is too big = Curse of Dimensionality.
Dimension Reduction: PCA, Response or grouping variable => PLS
Gene Selection: Response: Calculate the F-statistic for each individual
gene and select those genes with the lowest p-value.
It may not work: High dimensionality introduces spurious signal.
Weights: Assign high weight to most important genes.
No response case: Important genes have high variance.
Response case: Calculate p-values and transform into g-values.
Make the weights equal to the reciprocal or log of the g-values.



| ®rincipal Components Analysis and Partial Least Squares |

Calculate Principal components without calculating any GxG matrix

Singular Value Decomposition:. X = U D V’
Gxp Gxp  pxp pxp
The Correlation Matrix takes the form: =U D2 U
Gx Gxp pxp pxG
Sis GXG but we do not need to write it down to calculate U and D?
Day O data

Weighted PCA :

W;=1/q; (orW,
W = Diag(W,)
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Note: FDR & g-values
P1, P2y ---

7, =proportion of truly null genes.
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, pr are p-values. t = Threshold for significance, 0<t <1
S(t) = #{p; <t} F(t) = #Hnullp, <t}

g; = min F/[f{(t)

t>p;



Partial Least Squares Regression
y has mean(y)=0, Var(y)=1, x; has mean(x;)=0,Var(x;)= 1 for all j.

N

1. bJ =<X;,y> : slope of regressing y on each X; ,Z, —ijxJ
2. ,81 <z,,y>/<z;, ;> coefficient of regressing y on zl,

3. Update the x; ‘s by orthogonalizing them w/r z,.Update y by the
residuals of the previous linear fit.

Iterate 1-3 produces a set of orthogonal vectors {z} and estimators {/3, ]
Relation to Weights: Bj ~—log(p;) hencez =~z =) ~log(p)x;
Use our weights  zy' => Wx, => —log(q; )X,

If feature set i1s small and correlated to y then Z\leerforms like z,

If feature set is big and only a few features are correlated to y then Z\lN
outperforms z,

Z\lerovides a way adapt PLS to high dimensional data with low signal
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1. A Bootstrap approach called ABC
Refers to the Bagging of genes and samples from Microarray
data. Genes are bagged using weights proportional to their

variances.

2. By creating new datasets out of subsets of columns and genes we
are able to create estimates of the class response several hundred
times.

3. These estimates are then used to obtain a dissimilarity (distance)
measure between the samples of the original data.

4. This dissimilarity matrix is then adopted to cluster the data.
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Similarity|S1|S2(S3|S4|S5|S6
S1 O |6 (7 |7 |0 |0
S2 6 0[5 ([5]1 [1
S3 7 15 [0 |8 |0 |0
S4 7 |5 8 |0 |2 |2
SH 012 (0 |2 |0 |10
S6 0 |2 [0 |2 |10]0
Final Clusters
{S1,S2,53,54} {S5,S6}
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[ Examples

For each data set:

# Genes Selected= G,

Genes Bagged By Variance

# Simulations = 500

Armstrong | Colon | Tao | Golub | Lris
BagWeight 0.01 01| 0.2 0.17| 0.05
BagEquiWeight 0.07 048 | 0.2 036 | 0.1
BagWholeData 0.08 048| 03 04| 0.05
NoBagWeight 0.01 01| 0.2 0.17| 0.08
NoBagEquiWeight 0.03 037| 02 04| 013
Ward 0.1 048| 04 029| 0.09
Kmeans 0.06 048 | 04 021 0.11




Random Forest with weights
(Enriched Random Forest)

1. Drawa bootstrapsample fromthe data. Call those notin the bootstrap sample the
"out-of-bag" data.

2. Growa "random" tree, where at each node, the best splitis chosenamong m
randomly selected variables. Thetreeis grownto maximumsize and not pruned
back.

3. Usethetree to predict out-of-bag data.
4. usethe predictionson out-of-bag data to form majority votes.
5. Repeat1-4 Ntimesand collectan ensemble of N trees. Predictionof test data is

done by majority votes from predictions from the ensemble of trees.

Incorporate Weights

2.* Grow a "random" tree, where at each node, the best splitischosenamong m
randomly selected variablesaccording to the weights{W.}. Thetree is grownto
maximum size and not pruned back.
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{ Out of Bag Error Rates ]

« Random forest (RF),

« Random forest with p-value based filtering (RF(p)),

« Random forest with g-based filtering (RF(Q)),

 Enriched random forest with t-based weights (ERF(t)) and
 Enriched random forest with Ct-based weights (ERF(Ct)).
*R=1000 iterationswere used in each procedure.

RF RF(p) RF(9) ERF- ERF- ERF- ERF- ERF- ERF-
ouT ouT IN IN Cv Cv
(t) (CH) () (CH (©) (CH)
Breast cancer 0.029 0.029 0.029 0.029 0.029 0.029 0.029 0.029 0.000
Diabetes 0.543 0.514 0.286 0.143 0.343 0.457 0.543 0.486 0.571
Epilepsy 0.154 | 0.077 0.000 0.077 0.154 0.154 0.154 0.077 0.154
HIV Encephalitis | 0.357 0.429 0.357 0.179 0.179 0.250 0.250 0.250 0.286
Slc17A5 Day 0 0.583 0.583 0.250 0.083 0.000 0.167 0.000 0.083 0.000
Slc17AS Day 18 0.083 0.083 0.083 0.000 0.000 0.000 0.000 0.000 0.000
Slc1745 Day 0
(scrambled) 0.750 0.750 0.333 0.833 0.750 0.833 0.667 0.750 0.667
Slc17A45 Day 18
(scrambled) 0.583 | 0.667 0.583 0.667 0.750 0.667 0.667 0.417 0.583




o

Ensemble Classifiers

Draw a bootstrap sample from the data. Call those notin the
bootstrap sample the "out-of-bag" data.

Generate m randomly selected features accordingto the weights
{W,}and usethem together with the bootstrapsample to construct
a classifier using method “A”.

Use the Classifier to predict out-of-bag data to form majority votes.
Repeat 1-3 N times and collect an ensemble of N trees. Prediction
of test data is done by majority votes from predictions fromthe
ensemble of trees.

Classifier “A’ can be any standard classifier: LDA, ANN, PLS,
SVM, KNN, LASSO.....
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Out of Bag Error Rates

LDA- LDA LDA

DLDA | DLDA | DLDA | LASSO | LASSO | LASSO

ERF | PCA - PCA | PCA I maok) | sime) | EnE) | @agE) | simE) | (EneE)

RF ERF ct | _(BagE) | (SimE) | (EnrE)

Slc17A5 Day 0 0.583 0.167 0.000 | 0417 0.583 0.000 0.500 0.583 0.250 0.000 0.500 0.000

SIc17A5 Day 18 0.083 0.000 0.000 | 0.000 0.000 0.000 0.083 0.083 0.000 0.083 0.000 0.083

Slc17A5 Day 0

0.750 0.833 0.667 | 0.833 0.750 0.833 0.833 0.667 0.667 0.583 0833 | 0833
(scrambled)

Slc17A5 Day 18

0.583 0.667 0.667 | 0.667 0.583 0.583 0.583 0.583 0.583 0.750 0.750 | 0.750
(scrambled)

Astrocytoma 0.214 0.000 0.071 ] 0.143 0.143 0.071 0.429 0.429 0.214 0.214 0.143 0.214

Breast Cancer 0.029 0.029 0.029 | 0.000 0.000 0.000 0.314 0.029 0.029 0.000 0029 | 0.029

Epilepsy 0.154 0.154 0154 | 0077 |o0154 |o0077 o538 |o0077 |o0077 o077 |o0077 |o0077

HIV . 0357 | 0250 | o250 loas |o17e |oa79 o286 |o0286 |o0286 |o0179 |o0214 | 0179
__Encephalitis

Human Lymph 0.000 0.000 0000 |o0000 |o0000 |o0000 |o0000 0000 |o0000 |o0000 |0000 | 0.000
__Node Sinus

Macular - 0111 0.083 0083 |0083 |o0111 |o0056 |o0139 0139 |o0111 |o0028 008 | 0028

_degeneration




[ Out of Bag Error Rates ]

KNN | KNN | KNN ] PLs | PLs | PLs | svM | svMm | svm
(BagE) | (SImE) | (EnrE) | (BagE) | (SImE) | (EnrE) | (BagE) | (SimE) | (EnrE)
SIlc17A5Day0 |0.333 |0.833 |0.167 |0.333 [0.417 |0.250 |0.500 |0.583 |0.500
SIc17A5Day 18 | 0.083 |0.000 |0.000 |0.000 [0.000 |0.000 |[0.167 |0.250 |0.000
SIc17ASDay0 | 33 0667 |0.667 |0.583 |0.667 |0.667 |0.833 |0.750 |0.833
(scrambled)
Slc17ASDay18 | g cas | 0583 [0.667 |0.583 |0.500 |0.667 |0.583 |0583 |0583
(scrambled)
Astrocytoma | 0.214 |0.286 [0.071 |0.143 |0.214 [0.071 |0.214 |0.214 |0.071
Breast Cancer [0.029 |0.029 |0.029 |0.000 [0.000 |0.000 |0.000 |0.029 |0.029
Epilepsy 0.077 |0.154 [0.077 |0.077 |0.077 |0.077 |0.077 |0.077 |0.077
HIV. 0321 |0.250 [0.286 |0.143 |0.179 |0.107 |0.107 |0.107 |0.107
Encephalitis
HumanLymph 14 550 |0.000 |0.000 [0.000 |0.000 |0.000 |0.000 |0.000 |0.000
Node Sinus
Macular 0194 |0.194 |0.111 |0.083 |0.111 |0.056 |0.056 |0.083 |0.056

degeneration




Wrap up -
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