
Significance testing 

Statistics Applied to Bioinformatics 

1 

Jacques van Helden 
 

Jacques.van-Helden@univ-amu.fr 
Aix-Marseille Université, France 

Technological Advances for Genomics and Clinics  
(TAGC, INSERM Unit U1090) 

http://jacques.van-helden.perso.luminy.univmed.fr/ 
 

FORMER ADDRESS (1999-2011) 
Université Libre de Bruxelles, Belgique 

Bioinformatique des Génomes et des Réseaux (BiGRe lab) 
http://www.bigre.ulb.ac.be/ 



Compare target score with rest of scores 

!  Example: scanning a database with a sequence 
"  The query sequence is successively compared with each database entry, and a score is assigned 

for each comparison 
"  The best match returns a score of 330 
"  The score distribution for all the database entries is provided  
"  How significant is this match ? 

The scores of unrelated 
(random) database hits 

Score 330 lies here 
way outside the heap  

of random scores 

Score  
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Approach 

!  We will first fit a normal distribution over the data 
"  Which parameters do we need to fit a normal distribution over a data set ? 

!  This fitted curve will be used to estimate the significance of this score 
"  How do we estimate the significance of the score ? 

!  Remark 
"  Alignment scores generally do not fit a normal distribution, since the alignment process selects the 

highest score among all possible ways to align two proteins.  
"  In this example, the normal fit has been chosen for the sake of simplicity.  
"  In practice, the significance of an alignment is estimated based on an extreme value distribution, 

which will be detailed later in the course. 
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Fit a Normal (Gaussian) distribution 

score s = 330 

s = 20.8  

slide from Lorenz Wernisch 

m = -47.1 
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Significance testing 

! We can evaluate the significance 
of each observation, by calculating 
its P-value.  

! Under the assumption of 
normality, the P-value can be 
obtained from z-scores. Z-scores 
represent the number of standard 
deviations from the mean.  

 

€ 

Pval = P X ≥ x( )

P-value 

x 
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z = x −m( ) /s
Pval = P Z ≥ z( )
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p-value for Normal distribution 

!  The red area is the 
probability for a random 
normal distribution  

 N(-47.1,20.8)   
to give a score > 0 

!  Pr[s > 0] = 0.0117 
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Pr score > x[ ] = 1− cdf =1− 1
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0.0117 
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Multi-testing corrections 
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The problem of multiple testing 

!  Let us assume that the score of the alignment 
between two sequences has a p-value  
"  P(X > 0) = 0.0117 

!  What would happen if we consider this score as 
significant, while scanning a database that 
contains 200,000 sequences ? 

!  Let N be the number of tests 
"  The risk of error (P-value) associated to each 

gene will thus be challenged N times.  
"  The significance thresholds generally used for 

single testing (alpha = 0.01, 0.001) are thus 
likely to return many false positive.  

!  The situation of multiple testing is very frequent in 
bioinformatics 
"  Assessing the significance of each gene on a 

chip represents thousands of simultaneous 
tests.  

"  Genome-wide association studies (GWAS) 
are now routinely performed with SNP chips 
containing 600.000 SNPs. 

"  Sequence similarity searches (e.g. BLAST a 
sequence against all known proteins) amount 
to compare a query sequences to billions of 
database entries. 

0.0117 
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Multiple testing correction : Bonferroni's rule 

!  A first approach to correct for multiple tests is to 
apply Bonferroni's rule 
"  Adapt the p-value threshold ("alpha risk") to 

the number of simultaneous tests. 

€ 

α ≤
1
N
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Multiple testing correction : from P-value to E-value 

!  If p=P(X >0)=0.0117 and the database contains 
N=200,000 entries, we expect to obtain N*p = 2340 
false positives ! 

!  We are in a situation of multi-testing : each 
analysis amounts to test N hypotheses. 

!  The E-value (expected value) allows to take this 
effect into account :  
"  Eval = Pval * N 
"  Instead of setting a threshold on the P-value, 

we should set a threshold on the E-value.  
"  If we want to avoid false positive, this 

threshold should always be smaller than 1. 
• Threshold(Eval)  ≤ 1 

!  The fact to set a threshold ≤ 1 on the E-value is 
equivalent to Bonferroni's correction, which 
consists in adapting the threshold on the p-value. 

• Threshold(Pval) ≤ 1/N 

€ 

Eval = N ⋅Pval
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Multiple testing correction : Family-wise Error Rate (FWER) 

!  Another correction for multiple testing consists in 
estimating the Family-Wise Error Rate (FWER).  

!  The FWER is the probability to observe at least 
one false positive in the whole set of tests. This 
probability can be calculated quite easily from the 
P-value (Pval).  

€ 

FWER = 1− 1− Pval( )N
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False Discovery Rate (FDR) 

!  Yet another approach is to consider, for a given 
threshold on P-value, the False Discovery Rate 
(FDR), i.e. the proportion of false predictions 
within a set of tests declared significant. 
"  FP  number of false positives 
"  TP  number of true positives 

€ 

FDR = FP / FP+TP( )

12 



Summary - Multi-testing corrections 

!  Bonferoni rule  adapt significance threshold 

!  E-value  expected number of false positives 

!  FWER  Family-wise error rate:  
 probability to observe  
 at least one false positive 

!  FDR  False discovery rate: 
 estimated rate of false positives  
 among the predictions 

€ 

αBonf ≤
1
N

€ 

Eval = N ⋅Pval

€ 

FWER = 1− 1− Pval( )N

€ 

FDR = FP / FP+TP( )
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Exercises - Significance testing 
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Exercise - GGCGCC in the genome of E.coli 

!  The genome of Escherichia coli (4,639,221 base pairs) contains 94 
occurrences of the hexanucleotide GGCGCC. 

!  Knowing that this genome contains 50.78% of G+C 
"  What would be the probability to find a match at any position (with a Bernoulli 

model) ? 
"  How many occurrences would be expected at random ? 
"  Assess the significance of the observed number of occurrences of  

GGCGCC ? 
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Exercise - motif in upstream sequences 

!  Hexanucleotide occurrences were counted on both strands, in 800bp 
upstream sequences of  
"  A set of 6 nitrogen-regulated genes 
"  The complete set of 6,448 genes of the yeast genome 

!  The motif GATAAG has the following occurrences 
"  24 occurrences for the 6 nitrogen regulated genes 
"  2,763 occurrences in the complete set of upstream sequences 

!  Questions 
"  How many occurrences would be expected at random ? 
"  What is the significance of the observed number of occurrences ?  
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