
A Forest Approach to Identification ofA Forest Approach to Identification of 
Genes and Gene-Environment 

Interactions for Complex Diseasesp

Heping Zhang

School of Public HealthSchool of Public Health
Yale University School of Medicine



NHGRI GWA Catalog
www genome gov/GWAStudies

Published Genome-Wide Associations through 12/2010, 
1212 published GWA at p<5x10-8 for 210 traits

www.genome.gov/GWAStudies





Challenges

The identified markers or genes 
explained a small fraction of the diseasesexplained a small fraction of the diseases

More markers & GxG?More markers & GxG?
Environment variables & GxE?
Incorporation of biologic knowledge?
Better characterization and use of traits?



Classic Modeling vs Genomic 
Association AnalysisAssociation Analysis

In classic statistical modeling, we tend to have an 
adequate sample size for estimating parameters of 
interest Often we have hundreds or thousands ofinterest. Often, we have hundreds or thousands of 
observations for the inference on a few parameters. 
We can try to settle an “optimal” model.
I i di h dIn genomic studies, we have more and more 
variables (gene based) but the access to the number 
of study subjects remains the same. One model can y j
no longer provide an adequate summary of the 
information.
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Complex Traits

Diseases that do not follow Mendelian Inheritance 
Pattern

Genetic factors, Environment factors, G-G and G-E 
interactions

Interactions: effects that deviate from the additive 
effects of single effects
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SNP and Complex Traits

8

http://en.wikipedia.org/wiki/Single_nucleotide_polymorphism



Regression Approach
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Recursive Partitioning

A technique to identify heterogeneity in the data 
and fit a simple model (such as constant or linear)and fit a simple model (such as constant or linear) 
locally, and this avoids pre-specifying a 
systematic component.
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Leukemia Data

Source: http://www-genome.wi.mit.edu/cancer

Contents:

• 25 mRNA - acute myeloid leukemia (AML)25 mRNA acute myeloid leukemia (AML)

• 38 - B-cell acute lymphoblastic leukemia (B-ALL)

• 9 T cell acute lymphoblastic leukemia (T ALL)• 9 - T-cell acute lymphoblastic leukemia (T-ALL)

• 7,129 genes

Question: are the microarray data useful in 
classifying different types of leukemia?
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3‐D View

B-ALL

AML

T-ALL
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Tree Structure

Node 1Node 1

Node 3Node 2

Node 7Node 6Node 5Node 4
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Forests

Random forests have emerged as one of 
the most commonly used nonparametric 
statistical methods in many scientific areas, 
particularly in analysis of high throughput 
genomic data. genomic data. 
To identify a constellation of models that 
collectively help us understand the data. 
For example  in GWAS  we can select and For example, in GWAS, we can select and 
rank the genes that may be highly 
associated with a trait.
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Bagging (Bootstrap Aggregating)

Cancer Normal
HighHigh

Low

A random tree

Repetition

A tree

A Random Forest
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How Big a Forest?
• A general practice in using random forests is• A general practice in using random forests is 
to generate a sufficiently large number of 
trees, although it is subjective as to how largetrees, although it is subjective as to how large 
is sufficient. 

• Furthermore, random forests are viewed as a ,
“black‐box” because of its sheer size.



Forest Size?

• Explore whether it is possible to find a 
common ground between a forest andcommon ground between a forest and 
a single tree 

retain the easy interpretability of the– retain the easy interpretability of the 
tree‐based methods 

– avoid the problems that the tree‐based– avoid the problems that the tree‐based 
methods suffer from. 

• Does a forest have to be large or how• Does a forest have to be large, or how 
small can a forest be? 



Shrink a Forest

• Shrink the forest with two objectives
– maintain a similar (or even better) levelmaintain a similar (or even better) level 
of prediction accuracy

– reduce the number of the trees in thereduce the number of the trees in the 
forest to a manageable level



Criteria

• Two measures are considered to 
determine the importance of adetermine the importance of a 
tree in a forest

by prediction– by prediction
– by similarity



Prediction Based Criterion

• “by prediction” methodby prediction  method
– focuses on the prediction
A tree can be removed if its removal from– A tree can be removed if its removal from 
the forest has the minimal impact on the 
overall prediction accuracy.overall prediction accuracy. 



Prediction Based Criterion

• “by prediction” method
For tree T in forest F calculate the prediction– For tree T in forest F, calculate the prediction 
accuracy of forest F(‐T) that excludes T. 

– Δ(‐T) represents the difference in prediction ( )
accuracy between F and F(‐T). 

– The tree with the smallest Δ(‐T) is the least 
important one and hence subject to removalimportant one and hence subject to removal. 



Similarity Based Criterion

• “by similarity” methodby similarity  method
– is based on the similarity between two trees. 
A tree can be removed if it is “similar” to– A tree can be removed if it is  similar  to 
other trees in the forest. 



Similarity Based Criterion

• “by similarity” method 
Th l ti f th di t d t b– The correlation of the predicted outcomes by 
two trees gives rise to a similarity between 
the two trees. 

– For tree T, the average of its similarities with 
all trees in F(‐T), denoted by ρT, reflects the 
overall similarity between T and F(‐T) . 

– The tree with the highest ρT is the most 
similar to the trees in F and hence subjectsimilar to the trees in F(‐T) and hence subject 
to removal. 



Critical Point
• Select the optimal size sub‐forest

– Let h(i), i=1,…Nf‐1, denote the performance 
trajectory of a sub‐forest of i treestrajectory of a sub forest of i trees

• Nf is the size of the original random forest. 
– If we have only one realization of h(i), we select the 
optimal size sub forest by maximizing h(i) overoptimal size sub‐forest by maximizing h(i) over 
i=1,…Nf‐1. 

– If we have multiple realizations of h(i), we select 
h l b f b h lthe optimal size sub‐forest by using the 1‐se rule. 

• The size of this smallest sub‐forest is called the 
critical point of the performance trajectorycritical point of the performance trajectory.



Simulation Designs

• Simulation Designs 
– For each data set, we generated 500 observations, each of , g ,

which has one response variable and 30 predictors from 
Bernoulli distribution with success probability of 0.5. 

– Chose ν of the 30 variables to determine the response 
i blvariable. 
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• Where σ is a random variable following the normal distribution 
with mean zero and variance . 

Considered two choices for ν (5 and 10) and two choices of σ

 Otherwise.0

– Considered two choices for ν (5 and 10) and two choices of σ
(0.1 and 0.3).



Simulation Designs

• To perform an unbiased comparison of the 
three tree removal measures, we simulated 
three independent data sets 
– The training set is used to train the initial random 
forest

– The execution set is used to delete trees from the 
initial forest to produce sub‐forests

– The evaluation set is used to evaluate the 
prediction performance of the sub‐forests

• The generation and use of these three data 
sets constituted one run of simulation and wesets constituted one run of simulation, and we 
replicated 100 times. 



Simulation Results
R d l l t d f i l ti d• Randomly selected one run of simulation and 
presented the stepwise change in the 
prediction performance in Figure 1. p p g

• The “by prediction” method is preferable
– It can identify a critical point during the y p g
tree removal process in which the 
performance of the sub‐forest deteriorates 
very rapidlyvery rapidly. 

• The performance of the sub‐forests may 
begin to improve before the critical point. g p p



Prediction 
performance of 
sub‐forests 
d d fproduced from 

different datasets 
and methodsand methods



Simulation Designs

• In practice we generally have one dataIn practice, we generally have one data 
set only.

• May not have the execution and• May not have the execution and 
evaluation data sets as in previous 
simulationsimulation. 

• How do we select the optimal sub‐forest 
i h l d ?with only one data set? 



Simulation Designs

• After constructing an initial forest using the 
h l d h i i dwhole data set as the training data set

– use one bootstrap data set for execution and the 
out‐of‐bag (oob) samples for evaluationout of bag (oob) samples for evaluation.

– use the oob samples for both execution and 
evaluation. 

– use the bootstrap samples for both execution and 
evaluation. 

d b t t l f ti d– re‐draw bootstrap samples for execution and re‐
draw bootstrap samples for evaluation.



fA performance 
summary plot of 

the “bythe  by 
prediction” 
method



Simulation Results

• The performance trajectories of the fourThe performance trajectories of the four 
bootstrap‐based approaches may not 
overlap with the “golden” standardoverlap with the  golden  standard. 

• For the selection of the optimal sub‐
forest the similarity among theforest, the similarity among the 
trajectories is most relevant, because it 
could lead to the same or similar subcould lead to the same or similar sub‐
forest. 



Simulation Results

• Using the bootstrap samples for g p p
execution and the oob samples for 
evaluation is an effective sample‐reuse p
approach to selecting the optimal sub‐
forest.



Application

• Dataset
th i d t t f h t f 295– the microarray data set of a cohort of 295 
young patients with breast cancer, 
containing expression profiles from 70 g p p
previously selected genes.

– previously studied by van de Vijver et al. 
• The responses of all patients are defined 
by whether the patients remained 
disease‐free five years after their initial 
diagnoses or not. 



Application

• Method used
– The “by prediction” measure y p
– The original data set to construct an initial forest
– A bootstrap data set for execution
– The oob samples for evaluation.The oob samples for evaluation.

• The procedure is replicated for a total of 100 times. 
– The oob error rate is used to compare the performance of 

the initial random forest and the optimal sub‐forestthe initial random forest and the optimal sub forest. 
– The sizes of the optimal sub‐forests fall in a relatively 

narrow range, of which the 1st quartile, the median, and 
the 3rd quartile are 13, 26 and 61, respectively. 



Application

• The smallest optimal sub‐forest inThe smallest optimal sub forest in 
the 100 repetitions with the size of 
7 is selected. 

• As a benchmark, we used the 70‐
gene classifier proposed by Vijver, et 
al. 



Application

• Next table presents the misclassification 
rates based on the oob samples. 
– The initial forest and the optimal sub‐forest 
achieve almost the same level of 
performance accuracy.

– The 70‐gene classifier has an out‐of‐bag 
error rate which is much higher than those of 
the foreststhe forests.



Comparison of prediction performance of the initial random forest, 
the optimal sub‐forest, and a previously established 70‐gene p , p y g

classifier

Method Error rate True
P di d

Good Poor
Predicted

Random Forest 26.0% Good 141 17

Poor 53 58

Sub-forest 26.0% Good 146 22146 22

Poor 48 53

70 gene 35 3% Good70-gene 
Classifier

35.3% Good 103 4

Poor 91 71



CEGP1(-0 660)CEGP1(-0.660)
PRC1(-0.200)

CEGP1(-0.660)
Contig63649_RC(0.123)

LOC51203(0.084)
PRC1(-0.104)

ORC6L(-0.237)

IGFBP5(0.097)
Contig24252_RC(-0.089)

NMU(0.074)
Contig48328_RC(-0.385)

PECI( 0 252)

FGF18(-0.425)
Contig63649_RC(0.281)

PRC1(-0.199)
IGFBP5(-0.113)

LOC57110( 0 002)PECI(-0.252)
MP1(0.142)

LOC51203(0.083)

LOC57110(-0.002)
Contig55377_RC(0.112)

PECI(0.300)

Contig32125_RC(-0.137)
Contig46223_RC(0.202)

LOC57110(0.119)
IGFBP5(0.309)
AKAP2(-0.092)

Contig63649 RC(-0.405)

-
FLT1(0.032)

COL4A2(-0.025)
MMP9(0.042)
L2DTL(0.226)

-

PRC1(0.166)
L2DTL(0.079)
TGFB3(0.065)

DKFZP564D0462(0.061)
RFC4(0.020)

AF052162(0.327)

PRC1(-0.054)
CCNE2(0.119)
NMU(0.053)

GNAZ(-0.004)
Contig24252_RC(0.374)

LOC57110(-0.172)

The top three layers of the optimal sub‐forest 

g _ ( )
CFFM4(-0.431) -

( )
Contig40831_RC(-0.209)

( )
-

consisting of seven trees



What Did We Learn?

• It is possible to construct a highly accurate 
random forest consisting of a manageable g g
number of trees. 
– the size of the optimal sub‐forest is in the range 
of tensof tens

– some sub‐forests can even over‐perform the 
original forest in terms of prediction accuracy

• The key advantage• The key advantage
– the ability to examine and present the forests. 

• The limitation
– future samples and studies are needed to 
evaluate the performance of the forest‐based 
classifiers. 



Interpretation from Forest



Variable Importance

Permutation importance (Breiman): For each 
t i th f t t th b f ttree in the forest, we count the number of votes 
cast for the correct class. Then, we randomly 
permute the values of variable k in the oob p
cases and recount the number of votes cast for 
the correct class in the oob cases with the 
permuted values of variable k The permutationpermuted values of variable k. The permutation 
importance is the average of the differences 
between the number of votes for the correct 
l i th i bl k t d b d t fclass in the variable-k-permuted oob data from 

the number of votes for the correct class in the 
original oob data, over all trees in the forest.g



Permutation Importance

N t il iti• Not necessarily positive 
• Unbounded 
• The magnitudes and relative rankings can be g g
unstable when the number, p, of predictors is 
large relative to the sample size.
• The magnitudes and relative rankings varyThe magnitudes and relative rankings vary 
according to the number of trees in the forest 
and the number, q, of variables that are 

d l l t d t lit drandomly selected to split a node



Permutation Importance

genes

q



Maximal conditional chi-square 
(MCC)(MCC)

Wang et al.(2010) introduced a 
maximal conditional chi-square (MCC)maximal conditional chi square (MCC) 
importance by taking the maximum 
chi-square statistic resulting from all 
splits in the forest that use the same 
predictor



Depth Importance

Chen et al. (2007): Whenever node t is 
split based on variable k, let L(t) be the p ( )
depth of the node and S(k,t) be the chi-
square test statistic from the variable, 
th 2 L(t) S(k t) i dd d f i blthen 2−L(t) S(k,t) is added up for variable 
k over all trees in the forest.



SNPs and Haplotypes
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Haplotype Certainty

SNP H lSNPs
 Directly observed


Haplotypes
Inferred from SNPs

 No uncertainty
Less informative

T h

Uncertain
More informative
 F t hTree approaches  Forest approaches
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Forest Forming Scheme

Unphased 
data

Reconstructed 
phased data 1

Importance 
index for 
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Tree 1

Reconstructed 
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Tree 2
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Tree 3
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Inference from the Forest

2

 in tree  haplotype of Importance
2V

Th
Lt 

theisandnodeofdepththeiswhere

,2

2
t

by split  is ,





tL

V
htTt

th 




ce.independen of statistictest -  theof value

theisandnode ofdepth theiswhere
2

t



tLt

50



Significance Level

Distribution of the maximum haplotype importanceDistribution of the maximum haplotype importance 
under null hypothesis is determined by permutation.

First disease status is permuted among studyFirst, disease status is permuted among study 
subjects while keeping the genome intact for all 
individuals. 

Then, each of the permuted data set is treated in the 
same way as the original data.y g
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Simulation Studies (2 loci)

• 300 cases and 300 controls
• Each region has 3 SNPsEach region has 3 SNPs
• 12 interaction models from Knapp et. al. (1994) 
and Becker et. al. (2005)

2 dditi d l ith b k d t• 2 additive models with background penetrance
• 3 scenarios

• Neither region is in LD with the disease allele
• One of the regions is in LD (D’ = 0.5) with the 
disease allele
• Both regions are in LD (D’ = 0 5) with theBoth regions are in LD (D   0.5) with the 
disease allele
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Result for Scenario II

1

0 7
0.8
0.9

1
Identify the correct
haplotype (Forest)

0.5
0.6
0.7 Identify an incorrect

haplotype (Forest)

Identify SNPs in the

0.2
0.3
0.4

Identify SNPs in the
correct region
(FAMHAP)
Identify SNPs in the

0
0.1

Ep-1 Ep-2 Ep-3 Ep-4 Ep-5 Ep-6 Het-1

y
neutral region
(FAMHAP)
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Result for Scenario III

1

0 7
0.8
0.9

1
Identify at least
one haplotype
(Forest)

0.5
0.6
0.7

Po
w

er

( )
Identify both
haplotypes
(Forest)
Identify SNPs in at

0.2
0.3
0.4P Identify SNPs in at

least one region
(FAMPHAP)
Identify SNPs in

0
0.1

Ep-1 Ep-2 Ep-3 Ep-4 Ep-5 Ep-6 Het-1

both regions
(FAMHAP)
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Real Case Study

Age-related macular degeneration (AMD)
Leading cause of vision loss in elderly
Affects more than 1.75 million individuals inAffects more than 1.75 million individuals in 
the United States
Projected to about 3 million by 2020

Klein et al (2005)Klein et al. (2005)
Case-control (96 AMD cases, 50 controls)
~100,000 SNPs for each individual
CFH gene identified

55 of  
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Analysis Procedure

Willows programp g
Each SNP is used as one covariate
Two SNPs identified as potentially 
associated with AMD (rs1329428 onassociated with AMD (rs1329428 on 
chromosome 1 and rs10272438 on 
chromosome 7)

H i  Hapview program: LD block construction
6-SNP block for rs1329428
11-SNP block for rs10272438
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Result

Two haplotypes are identified
Most significant: ACTCCG in region 1Most significant: ACTCCG in region 1 
(p-value = 2e-6)

Identical to Klein et. al. (2005)
L t d i CFHLocated in CFH gene

Another significant haplotype: 
TCTGGACGACA, in region 2 (p-value = 
0.0024)

Not reported before
ProtectiveProtective
Located in BBS9 gene
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Expected Frequencies
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Remarks

A B

A
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