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Introduction

1. Example 1: Tumor types

² Data matrix: X N £ p .

² A vector of responses: y , y = 1 (AML), y = 0 (ALL)

² How to predict tumor classes (e.g., AML, ALL), y , based on
gene expression data?

² e.g. targeting speci¯c drug therapies ! distinct tumor types !
max. theraputic & min. toxicity

² ! classi¯cation methods

2. Example 2: Survival Data

² A vector of responses: y=survival times of tumor patients

² Gene expression pro¯ling ! 2 distinct molecular subtypes, e.g.
DLBCL: GC B-like & Activated B-like

² How to assess patient survival probabilities (experience), based
on gene expressions?
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Analysis Approach

² Microarray data ! high-dimensional data sets

² ! gene expression values:X N £ p, N << p

² Dimension reduction: p ! K << N ! \gene components"

² Dimension reduction methods: such as PCA, PLS and others

² Example 1: Use (traditional) classi¯cation methods: logistic
discrimination (LD), quadratic discriminant analysis (QD A)?

² Example 2: Use (traditional) proportional hazard (PH)
regression (Cox, 1972)?
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Ovarian Data Furey et al. (2000)
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² Microarray experiments: hybridization of normal/ovarian tissues on
arrays with p = 97 ; 802 DNA clones

² N = 30: 16 normal tissues (2 cyst, 4 peripheral blood
lymphocytes, 9 ovary, 1 liver) and 14 ovarian tumor tissue samples

² Displayed are expression intensities of 50 \genes" distinguishing
normal from ovarian samples based on t-statistics
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Leukemia Data Golub et al. (1999)
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² A®ymetrix oligonucleotide microarrays: hybridization of A LL/AML
tissues on arrays with probes for p = 6 ; 817 genes.

² Training data: N = 38 bone marrow samples w/ 27 ALL & 11 AML
Test data: N = 34 (24 bone marrow, 10 peripheral blood) w/ 20
ALL & 14 AML

² Displayed: expressions of 50 genes distinguishing ALL from AML.
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Lymphoma Data Alizadeh et al. (2000)
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² cDNA microarrays: samples of 3 adult lymphoid malignancies: (1)
45 DLBCL , 29 BCLL and 9 FL; subset ! p = 4 ; 227 cDNA clones
and genes.

² Displayed: 50 relative expression values are log(Cy5/Cy3) values and
Cy5 and Cy3 values are signal¡ background measurements. (A) Top
25 genes highly expressed in DLBCL relative to BCLL samples. (B)
Top 25 genes highly expressed in BCLL relative to DLBCL sampl es.
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Colon Data Alon et al. (1999)
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² A®ymetrix oligonucleotide microarrays: hybridization of 4 0 colon/
22 normal tissues on arrays with probes for over p = 6 ; 500 human
genes.

² Displayed: expressions of 50 genes distinguishing colon tumor from
normal tissues.
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NCI 60 Tumor Cell Lines Ross et al. (2000)
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² 60 cDNA microarrays containing p = 9 ; 703 cDNA sequences.

² 60 tumor cell lines from various tumor sites: 7 breast, 5 CNS, 7
colon, 6 leuk., 8 melanoma, 9 non-small-cell-lung-carcinoma
(NSCLC), 6 ovarian, 2 prostate, 9 renal & 1 unknown.

² Displayed: relative expression intensities of genes distinguishing
tumor from NSCLC and renal cell lines.
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Tumor Classi¯cation Results
1. Reduction : From various p¤ = 50 ; 100; 500; 1000; 1500! K = 3

\gene components"

2. Reduction method : PLS, PC

3. Prediction :

² CV1=leave-out-one CV

² OSP=out-of-sample-prediction (if enough data)

² RRS=re-randomization studies ! assess stability

4. Ovarian/Normal Data : (CV1) (14/16)

² PLS in LD & QDA ! 100%

² PC in LD ! 100%, in QDA ! miss. 1 normal cyst

² \Strength": CCP (^¼) all ¼ 1, low=0.973 for PLS; 2 mod. PC
cases: 0.922 & 0.925

² SVM: miss. 3-5 normals, 2-4 ovarian tumors using 25-100 genes
(Furey el at. 2000)
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5. Leukemia ALL/AML Data : (27,11), (20, 14)

² Train: (CV1): All cases ! 100%

² Test: (OSP): 33/34 PLS & PC (LD) ! miss. AML #66 for
p¤ = 50 genes; (31 or 32)

² WVS: (PS < 0:3) & 50 genes! #54, 57, 60, 67 & 71 (PS=0.23,
0.22, 0.06, 0.15 & .30) (1 miss.); all correct w/ PLS (CCP=0.9 7,
1.00, 0.98, 0.89, 1.00) (Golub et al. 1999)

² RRS: 100 36/36 re-randomizations
Train (CV1) 99% - 100% (PLS); 90%-97%
Test (OSP) PLS better PC (in LD); similar for QDA ( ¼ 94%)

6. Lymphoma DLBCL/BCLL Data : (45/29)

² CV1 PLS ! 1 or 2 (of 74) miss. at most (#33, 55 consistent)

² RRS: 100 37/37 re-randomization
Train (CV1) ¼ 100% (PLS better PC)
Test (OPS) ¼ 2 of 37 miss.
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7. Colon/Normal Data (40/22)):

² Cluster algorithm (DAA): ! 2 clusters: (35T, 3N), (5T, 19N)
(Alon et al. 1999)

² Best SVM classi¯cation: ! 6 miss. 3T, 3N (Furey et al. 2000)

² PLS gene comps. from 50, 100 genes (in LD)! miss. 3T, 1N

² Mostly overlapping miss. samples in 3 approaches

² PCs not competitive
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Survival Data

² Survival times of 40 DLBCL patients were tracted.

² Gene expression pro¯ling ! 2 distinct molecular subtypes of
DLBCL: 19 GC and 21 Activated B-like

² Alizadeh et al. compared Kaplan-Meier survival curves !
\remarkable divergence in clinincal behavior"
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Assessing Patient Survival: PH Regression

² Use gene components pro¯les in PH regression

² Clinical Prognosis for GC and Activated B-like (KM, LR P = 0 :01)
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Assessing Patient Survival: PH Regression
² Use gene components pro¯les together w/ clinical risk level

² Clinical Prognosis for GC and Activated B-like controlling for low
(IPI=0-2) and high (IPI=3-4) levels of clinical risk (KM, LR
P = 0 :002)
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Assessing Patient Survival: PH Regression

² Clinical Prognosis for GC and Activated B-like among low cli nical
risk (KM, LR P = 0 :05)
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Other Potential Applications of PLS

² prediction of the expression of a target gene ! related predicted
gene expression to clinical outcomes

² relationship between gene expression patterns of cell lines and their
sensitivity to drug therapy (Scherf et al. 2000) (assessed growth
inhibition by tracking total cellular protein after drug tr eatment)

² multiple classi¯cation problems

Computational Time

² A blink, a cup, a lunch, a night, a week?

² PLS components ! a couple of blinks, since
N < p; K = 1 ; :::N = max ! no problem

² First few PCs ! a dozen blinks or more (a cup?), K large !
problem w/ time

² Classi¯cation: LD, QDA{blinks
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Methods: Dimension Reduction
² Optimization and some statistical methods

Method Objective Function

PCA f (ck ) = var( Xc k )

PLS (univariate) f (ck ) = cov 2 (Xc k ; y )

OLS, RR, CCA, CR

² Comparing PLS and PCA:

1. gene screening/selection ! only di®erentially expressed ! all genes
predictive of tumor classes

2. all genes expressed but not exclusively di®erentially expres sed ! not
all predictive of tumor classes

18



Response and Gene Variation Explained

PLS PC

Gene Response Gene Response

K Prop. Tot. Prop. Tot. Prop Tot. Prop. Tot.

1 26.47 26.47 50.02 50.02 44.46 44.46 2.35 2.35

2 27.19 53.67 26.03 76.05 10.57 55.03 38.27 40.62

3 5.06 58.72 17.75 93.79 5.32 60.35 14.68 55.30

1 46.26 46.26 86.19 86.19 46.31 46.31 84.94 84.94

2 14.74 61.00 3.42 89.62 19.34 65.65 0.74 85.68

3 7.23 68.23 4.44 94.05 5.36 71.02 0.16 85.84
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