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Case Study: Diagnostic Model From 

Array Gene Expression Data

Computational Models of Lung Cancer: 
Connecting Classification, Gene Selection, and Molecular 

Sub-typing

C.Aliferis M.D., Ph.D., Pierre Massion M.D.

I. Tsamardinos Ph.D., D. Hardin Ph.D.
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Case Study: Diagnostic Model From 

Array Gene Expression Data

Â Specific Aim 1: ñConstructcomputationalmodelsthat

distinguish betweenimportant cellular states related to

lung cancer, e.g., (i) Cancerousvs Normal Cells; (ii)

Metastaticvs Non-Metastaticcells; (iii) Adenocarcinomas

vsSquamouscarcinomasò.

Â Specific Aim 2: ñReduce the number of gene markers by 

application of biomarker(gene) selection algorithms such 

that small sets of genes can distinguish among the different 

states (and ideally reveal important genes in the 

pathophysiology of lung cancer).ò
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Case Study: Diagnostic Model From 

Array Gene Expression Data

ÂBhattacharjee et al. PNAS, 2001

Â12,600 gene expression measurements 

obtained using Affymetrix oligonucleotide 

arrays 

Â203 patients and normal subjects, 5 disease 

types, ( plus staging and survival 

information)
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Case Study: Diagnostic Model From 

Array Gene Expression Data

Â Linear and polynomial-kernel Support Vector Machines (LSVM, and 

PSVM respectively) 

C optimized via C.V. from { 10-8, 10-7, 10-6, 10-5, 10-4, 10-3, 10-2, 0.1, 1, 

10, 100, 1000} and degree from the set: {1, 2, 3, 4}.

Â K-Nearest Neighbors (KNN) (k optimized via C.V.)

Â Feed-forward Neural Networks (NNs). 1 hidden layer, number of units 

chosen (heuristically) from the set {2, 3, 5, 8, 10, 30, 50}, variable-

learning-rate back propagation, custom-coded early stopping with 

(limiting) performance goal=10-8 (i.e., an arbitrary value very close to 

zero), and number of epochs in the range [100,é,10000], and a fixed 

momentum of 0.001

Â Stratified nested n-fold cross-validation (n=5 or 7 depending on task)
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Case Study: Diagnostic Model From 

Array Gene Expression Data

Â Area under the Receiver Operator Characteristic (ROC) 

curve (AUC) computed with the trapezoidal rule (DeLong 

et al. 1998). 

Â Statistical comparisons among AUCs were performed 

using a paired Wilcoxon rank sum test (Pagano et al. 

2000).

Â Scale gene values linearly to [0,1]

Â Feature selection:

ïRFE (parameters as the ones used in Guyon et al 2002)

ïUAF (Fisher criterion scoring; k optimized via C.V.)



345

Case Study: Diagnostic Model From 

Array Gene Expression Data

ÂClassification Performance

Cancer vs normal 
Adenocarcinomas vs squamous 

carcinomas 

Metastatic vs non-metastatic 

adenocarcinomas 

 
classifiers 

 

RFE UAF All 
Features 

RFE UAF All 
Features 

RFE  
 

UAF All  
Features 

LSVM 97.03% 99.26% 99.64% 98.57% 99.32% 98.98% 96.43% 95.63% 96.83% 

PSVM 97.48% 99.26% 99.64% 98.57% 98.70% 99.07% 97.62% 96.43% 96.33% 

KNN 87.83% 97.33% 98.11% 91.49% 95.57% 97.59% 92.46% 89.29% 92.56% 

NN 97.57% 99.80% N/A 98.70% 99.63% N/A 96.83% 86.90% N/A 

Averages 

over 

classifier 

 

94.97% 

 

 

98.91% 

 

 

99.13% 

 

 

 

96.83% 

 

 

98.30% 

 

 

98.55% 

 

 

 

95.84% 

 

 

92.06% 

 

 

95.24% 
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Case Study: Diagnostic Model From 

Array Gene Expression Data

ÂGene selection

Number of features discovered 
 

 
Feature Selection Method 

Cancer vs normal 
Adenocarcinomas vs 

squamous carcinomas 

Metastatic vs non-metastatic 

adenocarcinomas 

RFE 6 12 6 

UAF 100 500 500 
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Case Study: Diagnostic Model From 

Array Gene Expression Data

ÂNovelty

 
Cancer 

 vs normal 

Adenocarcinomas vs squamous 

carcinomas 

Metastatic vs non-metastatic 

adenocarcinomas 

Contributed by method on the 

left compared with method on 
the right 

RFE UAF RFE UAF RFE UAF 

RFE 0 2  0 5 0 2 

UAF 96 0 493 

 

0 496 0 
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Case Study: Diagnostic Model From 

Array Gene Expression Data

ÂA more detailed look:
ïSpecific Aim 3:ñStudy how aspects of experimental design 

(including data set, measured genes, sample size, cross-validation 
methodology) determine the performance and stability of several 
machine learning (classifier and feature selection) methods used 
in the experimentsò.
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Case Study: Diagnostic Model From 

Array Gene Expression Data

Â Overfitting: we replace actual gene measurementsby

random values in the same range (while retaining the

outcomevariablevalues).

Â Target classrarity: we contrastperformancein taskswith

rarevs non-rarecategories.

Â Samplesize: we usesamplesfrom the set{ 40,80,120,160,

203} range(asapplicablein eachtask).

Â Predictor info redundancy: we replace the full set of

predictorsby randomsubsetswith sizesin the set { 500,

1000, 5000, 12600} .
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Case Study: Diagnostic Model From 

Array Gene Expression Data

Â Train-test split ratio: we use train-test ratios from the set { 80/20,

60/40, 40/60} (for tasksII andIII, while for taskI modifiedratioswere

useddueto smallnumberof positives,seeFigure1).

Â Cross-validated fold construction: we construct n-fold cross-

validationsamplesretainingtheproportionof the rarertargetcategory

to themorefrequentonein folds with smallersample,or, alternatively

we ensurethat all rare instancesare includedin the union of testsets

(to maximizeuseof rare-caseinstances).

Â Classifier type: Kernel vs non-kernel and linear vs non-linear

classifiersare contrasted. Specifically we comparelinear and non-

linearSVMs (a prototypicalkernelmethod)to eachotherandto KNN

(a robustandwell-studiednon-kernelclassifieranddensityestimator).
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Case Study: Diagnostic Model From Array Gene 

Expression Data Ą Random gene values

 Classifier  
 

Task I. Metastatic (7) ï
Nonmetastatic (132) 

Task II. Cancer (186)-
Normal (17) 

Task III. Adenocarcinomas 
(139) - Squamous 
carcinomas (21) 

SVMs 0.584 (139 cases) 0.583 (203 cases) 0.572 (160 cases) 

KNN 0.581 (139 cases) 0.522 (203 cases) 0.559 (160 cases) 

 
 Classifier 

 
Task I. Metastatic (7) ï
Nonmetastatic (132) 

Task II. Cancer (186)-
Normal (17) 

Task III. Adenocarcinomas 
(139) - Squamous 

carcinomas (21) 

SVMs 0.968 (139 cases) 0.996 (203 cases) 0.990 (160 cases) 

KNN 0.926 (139 cases) 0.981 (203 cases) 0.976 (160 cases) 
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Case Study: Diagnostic Model From Array Gene 

Expression Data Ą varying sample size

 Classifier  
 

Task I. Metastatic (7) ï
Nonmetastatic (132) 

Task II. Cancer (186)-
Normal (17) 

Task III. Adenocarcinomas 
(139) - Squamous 
carcinomas (21) 

SVMs 0.982 (40 cases) ,  

 0,982 (80 cases),   

0.969 (120 cases) 

1 (40 cases) ,  

1 (80 cases),  

 1 (120 cases),  

0.995 (160 cases) 

0.981 (40 cases) ,  

0.988 (80 cases),   

0.980 (120 cases) 

KNN 0.893 (40 cases) ,   

0,832 (80 cases),   

0.925 (120 cases) 

1 (40 cases) ,  

1 (80 cases),   

0.993 (120 cases),  

0.970 (160 cases) 

0.916 (40 cases) , 

 0.960 (80 cases),   

0.965 (120 cases) 

 

 Classifier 
 

Task I. Metastatic (7) ï
Nonmetastatic (132) 

Task II. Cancer (186)-
Normal (17) 

Task III. Adenocarcinomas 
(139) - Squamous 

carcinomas (21) 

SVMs 0.968 (139 cases) 0.996 (203 cases) 0.990 (160 cases) 

KNN 0.926 (139 cases) 0.981 (203 cases) 0.976 (160 cases) 
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Case Study: Diagnostic Model From Array Gene 

Expression Data Ą Random gene selection

 Classifier  
 

Task I. Metastatic (7) ï
Nonmetastatic (132) 

Task II. Cancer (186)-
Normal (17) 

Task III. Adenocarcinomas 
(139) - Squamous 

carcinomas (21) 

     SVMs 0.944 (500 genes),  

0.948 (1000 genes),  

0.956 (5000 genes) 

0.991 (500 genes),  

0.989 (1000 genes), 

 0.995 (5000 genes) 

0.982 (500 genes),  

0.987 (1000 genes), 

 0.990 (5000 genes) 

KNN 0.893 (500 genes),  

0.893 (1000 genes), 

 0.941 (5000 genes) 

0.959 (500 genes), 

 0.961 (1000 genes), 

 0.984 (5000 genes) 

0.928 (500 genes),  

0.955 (1000  

genes), 0.965 (5000 genes) 

 

 Classifier 
 

Task I. Metastatic (7) ï
Nonmetastatic (132) 

Task II. Cancer (186)-
Normal (17) 

Task III. Adenocarcinomas 
(139) - Squamous 

carcinomas (21) 

SVMs 0.968 (139 cases) 0.996 (203 cases) 0.990 (160 cases) 

KNN 0.926 (139 cases) 0.981 (203 cases) 0.976 (160 cases) 
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Case Study: Diagnostic Model From Array Gene 

Expression Data Ą Split ratio

 Classifier  
 

Task I. Metastatic (7) ï

Nonmetastatic (132) 

Task II. Cancer (186)-

Normal (17) 

Task III. Adenocarcinomas 

(139) - Squamous 
carcinomas (21) 

SVMs 0.915 (30/70),  

0.938 (43/57),  

0.954 (57/43),  

0.962 (70/30),  

0.968 (85/15) 

0.997 (40/60),  

0.996 (60/40),  

0.996 (80/20) 

0.989 (40/60), 

0.990 (60/40),  

0.990 (80/20) 

KNN 0.782 (30/70),  

0.833 (43/57),  

0.866 (57/43),  

0.901 (70/30),  

0.990 (85/15) 

0.960 (40/60),  

0.962 (60/40),  

0.976 (80/20) 

0.960 (40/60),  

0.962 (60/40),  

0.976 (80/20) 

 

 Classifier 
 

Task I. Metastatic (7) ï
Nonmetastatic (132) 

Task II. Cancer (186)-
Normal (17) 

Task III. Adenocarcinomas 
(139) - Squamous 

carcinomas (21) 

SVMs 0.968 (139 cases) 0.996 (203 cases) 0.990 (160 cases) 

KNN 0.926 (139 cases) 0.981 (203 cases) 0.976 (160 cases) 
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Case Study: Diagnostic Model From Array Gene 

Expression Data Ą Use of rare categories

 Classifier  
 

Task I. Metastatic (7) ï
Nonmetastatic (132) 

Task II. Cancer (186)-
Normal (17) 

Task III. Adenocarcinomas 
(139) - Squamous 
carcinomas (21) 

  SVMs 0.890 (40 cases) ,   

0,993 (80 cases),   

0.965 (120 cases) 

1 (40 cases) ,  

1 (80 cases),   

1 (120 cases),  

0.995 (160 cases) 

1 (40 cases) ,  

1 (80 cases),   

0.985 (120 cases) 

KNN 0.918 (40 cases) ,   

0,849 (80 cases),   

0.80 (120 cases) 

1 (40 cases) ,  

0.96 (80 cases),   

0.972 (120 cases),  

0.982 (160 cases) 

0.992 (40 cases) ,  

0.960 (80 cases),   

0.990 (120 cases) 

 
 Classifier  

 
Task I. Metastatic (7) ï
Nonmetastatic (132) 

Task II. Cancer (186)-
Normal (17) 

Task III. Adenocarcinomas 
(139) - Squamous 
carcinomas (21) 

SVMs 0.982 (40 cases) ,  

 0,982 (80 cases),   

0.969 (120 cases) 

1 (40 cases) ,  

1 (80 cases),  

 1 (120 cases),  

0.995 (160 cases) 

0.981 (40 cases) ,  

0.988 (80 cases),   

0.980 (120 cases) 

KNN 0.893 (40 cases) ,   

0,832 (80 cases),   

0.925 (120 cases) 

1 (40 cases) ,  

1 (80 cases),   

0.993 (120 cases),  

0.970 (160 cases) 

0.916 (40 cases) , 

 0.960 (80 cases),   

0.965 (120 cases) 

 



356

Case Study: Diagnostic Model From 

Array Gene Expression Data

ÂQuestions:

ïWhat would you do differently?

ïHow to interpret the biological significance of 
the selected genes?

ïWhat is wrong with having so many and robust 
good classification models?

ïWhy do we have so many good models?
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Case Study: Diagnostic Model From 

Array Gene Expression Data

Â We have recently completed an extensive analysis of all 

multi-category gene expression-based cancer datasets in 

the public domain. The analysis spans >75 cancer types 

and >1,000 patients in 12 datasets. 

Â On the basis of this study we have created a tool (GEMS) 

that automatically analyzes data to create diagnostic 

systems and identify biomarker candidates using a variety 

of techniques.

Â The present incarnation of the tool is oriented toward the 

computer-savvy researcher; a more biologist-friendly web-

accessible version is under development.
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Array Gene Expression Data

GEMS System

ñMethods for Multi-Category Cancer Diagnosis from 
Gene Expression Data: A Comprehensive 

Evaluation to Inform Decision Support System 
Developmentò

A. Statnikov, C.F. Aliferis, I. Tsamardinos

AMIA/MEDINFO 2004
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Case Study: Diagnostic Modeling From 

Mass Spectrometry Data
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Creating a Tool (FAST-AIMS) for Cancer 

Diagnostic Decision Support Using Mass 

Spectrometry Data

Nafeh Fananapazir

Department of Biomedical Informatics

Vanderbilt University

Academic Committee: Constantin Aliferis (Primary Advisor), Dean Billheimer, Douglas 
Hardin, Shawn Levy, Daniel Liebler, Ioannis Tsamardinos


