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Outline: There is a big theory—practice gap that exists when theoretical statistics are

where the null hypothesis is rejected for extraneous reasons (or confounders), rathe
disease phenotype. The mechanics of applying statistical tests therefore must addre
on manipulating the P-value; indeed, | will show how/why this can be the wrong thi

‘applied on real-world data. It derives from the situation f'
han because the alternative hypothesis is relevant to tht

and resolve confounders. It is inadequate to simply rely:5
g to do!
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Hypothesis testing

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023



| Steps of hypothesis testing

Formulate null Hy and alternate hypothesis H,
Devise a test statistic, t(-)

Evaluate t(S) on a sample S

Compare t(S) to the null distribution

If significant, accept H,; otherwise, accept H,

Null distribution is the distribution of t(-) over the set of
null samples for which H, holds
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Anna Karenina

Happy families are all alike; every unhappy
family 1s unhappy 1n its own way.

Leo Tolstoy

! e
¥, - ol 2N el
g <. § e .. ‘ .
X ) / s p VTS
ﬂ. e A
L™ ¥ 'y
| .
74
‘ll!— " .
L 9 F )
#

3

)
www.thequotes.in )

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023



|Anna Karenina Principle

There are many ways to violate the null hypothesis
but only one way that is truly pertinent to the
outcome of interest

Sample is biased
Null distribution used is inappropriate
Null / alternative hypothesis incorrectly stated

Inappropriate expt design
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Group

Genotypes  Controls [n(%)] ~ Cases [n(%)] )(2 Pvalue

- A 1 09% 0 0.0% 178821"
AG 8 352% 9 915%
GG 69 63.9% 2 25%

Abbreviation: SNP, single nucleotide polymorphism.

SNP rs123 is a great biomarker for a disease,
based on a prospective study

If rs123 is AA or GG, unlikely to get the disease
If rs123 is AG, ~3x higher risk of disease

A straightforward y2 test. Anything wrong?
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Group

T h e re m ay b e SNP Genotypes  Controls[n%] ~ Cases [n(’] )(2 Pvalus
Samp|e bIaS 1CEm 1 0 D

23

AG B OB% 9 915

GG B 8% 1 25%

Abbraviation: SNP, single nucleotide polymorphism.

AG =38+ 79 =117,
Controls + cases = 189
= Population ~62% AG

= Population >9% AA,
unless AA is lethal

“Big data check” shows
AA is non-lethal for this
SNP = sample is biased
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Careless null hypothesis
Apparent H,

“Effective” H, rs123 alleles are
differently distributed in
the two populations

rs123 alleles are
identically distributed in

the two samples

»“Effective" H,
Assumption rs123 alleles are
Distributions of rs123 differently distributed in
alleles in the two samples ~ the two populations OR
are identical to the two Distribution of rs123
populations alleles in the two

samples are not identical
to the two populations
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Suppose distributions of rs123 alleles in the two
samples are identical to the corresponding
populations and the test is significant

Can we say rs123 mutation causes the disease?
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In statistical hypothesis testing, the null distribution is the
probability distribution of the test statistic when the null
hypothesis is true. For example, in an F-test, the null
distribution is an F-distribution.

05

Null distribution
Alternative distribution

Density
03 0.4

0.2

0.1

0.0

Inappropriate ...
null distribution
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|Synthetic lethality

a Cell vpdpility b Cﬁ-’%ﬁ*}‘

Fig. 7 Two models for pathway-based targeting of synthetic lethal
genes B in conjunction with deleted/downregulated genes A:
a parallel pathways model where targeting 8 results in disruption of

both survival pathways, and b negative feedback-loop model where
targeting B shunts of (forward) signals for cell survival

Wong Limsoon,

lecture for GS6883B, Aug/Sep 2023

Why interested in
synthetic lethality?

Synthetic-lethal
partners of frequently
mutated genes in
cancer are likely
good treatment
targets
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Srihari et al. Inferring synthetic lethal interactions from mutual exclusivity of
genetic events in cancer. Biology Direct, 10:57, 2015.

|Synthetic lethal pairs

Fact:

When a pair of genes is synthetic lethal,
mutations of these two genes avoid each other

Observation:

Mutations in genes (A,B) are seldom observed in
the same subjects

Conclusion by abduction:
Genes (A,B) are synthetic lethal

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023
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PIX<|Sap|] = 1-PIX > [Sagl]. (1)

where P [X > |S4g|] is computed using the hypergeo-
metric probability mass function for X = k> |S4p|:

PIX > |Sas|| = % (S’;ﬂl')(SSBS}i)

k:|SAB'+l ‘S‘ )
S|

Mutations of genes (A,B) avoid each other if P[X
< S,g] £0.05

Anything wrong with this?

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023 15



'Seems to work fine

Differential essentiality of genes B between
DDR-deficient and MCF7 cell lines
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'What is happening?

Ranges for GARP scores of predicted genes (ME) and entire set of profiled genes in

BRCAI-deficient cell lines
Mutual exchusivity vs Cell in essentiality — BRCAT
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Hyper-
geometric
distribution
doesn’t
reflect real
mutations

Hypergeometric distribution
Mutations are independent

Mutations have equal chance
to appear in a subject

Real-life mutations

Inherited in blocks; those
close to each other are
correlated

Some subjects have more
mutations than others, e.g.
those w/ defective DNA-repair
genes
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Real-life example:
Mutations of TP53 and its

neighbours
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(a) Genomic location of genes close to TP53 (b) CNA profile of genes close to TP53
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Exercise #4

FXR2 is located near TP53
FXR1 and FXR2 buffer each other’s function

TCGA prostate

Altered in 159 (32%) of 498 sequenced cases/patients (498 total)

P53 Sl LT R
FXR2 5% - T T T e TGN P

FXR1 12% | [ AT 111
4
Genetic Alteration I Amplific ation I Deep Deletion Inframe Mutation (unknown significance) ™ Missense Mutation (unknown significance)
[l MRNA Dewnregulation mRNA Upregulation No alterations ™ Truncating Mutation (unknown significance)

Is FXR1 synthetic lethal to TP53?

Does inhibiting FXR1 lead to cell death for
TP53-deleted cell lines?

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023 20
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Fan et al., elife, 6:€26129, 2017
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Propose some
possible solutions
to this problem

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023

Hyper-
geometric
distribution
doesn’t
reflect real
mutations

Hypergeometric distribution
Mutations are independent

Mutations equal chance to
appear in a subject

Real-life mutations

Inherited in blocks; those
close to each other are
correlated

Some subjects have more
mutations than others, e.g.
those with defective DNA-
repair genes

22



Inappropriate
experiment design

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023



Exercise #6

Overall
A .
: Treatment A is better
lived 60 65
died 100 165
Women Men
A B A .
lived 40 15 lived 20 50 Treatment B 1S bEtter
died 20 5 died 80 160

What is happening here?

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023 24



A/B sample
not equalized
in other

attributes,

\100

\155

Taking A
Men = 100 (63%)
Women = 60 (37%)

Taking B
Men = 210 (91%)
Women= 20 (9%)

25



Careless null hypothesis

Apparent H,

“Effective” H, Treatment effects are
Treatment effects are differently distributed in
identically distributed in the two populations

the two samples
“Effective” H,
Treatment effects are

Assumption

All other factors are differently distributed in
equalized in the two the two populations OR
samples Some other factors aren’t

equalized in the two
samples

Wong Limsoon , lecture for GS6883B , Aug/Sep 2023 26



STUDIES HAVE SHOUWN
THAT ACCURATE
NUMBERS AREN'T ANY
MORE USEFUL THAN THE
ONES YOU MAKE UP.

I DIDNT HAVE ANY

ACCURATE NUMBERS

SO I JUST MADE UP
y THIS ONE.

HOWJ
MANY
STUDIES EIGHTY -
SHOWED SEVEN.

#oottadarms ool com
af =2008 Scolt Adams, Inc./Dist by UFS, Ing

www.dilbert.com

© Scott Adams, Inc./Dist. by UFS, Inc.

Confounders abound

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023
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Venet et al., PLOS Comput Biol, 2011

) e A seemingly
- “ obvious
2 inaaisas conclusion

time [yr]

A multi-gene signature (social defeat in mice)
good as a biomarker for breast cancer survival

Cox’s survival model p-value << 0.05

A straightforward Cox’s analysis. Anything wrong?

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023 28



All genes 10g40(0.05)

PEI

Almost all random
signatures also "
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‘What makes random signatures
significant?

Proliferation is a hallmark of cancer

Hypothesis: Proliferation-associated genes
make a signature significant

-----------------------------------------------------------

: Counts
T o e e wemnas
{ NP P Marginals
' Above 0.05! 7043 19 043 [ 26 086
' Below 0.05: 2766 19 148 21914
| Marginals { 9809 38191 | 48000
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40-50% of random
signatures have p-value
<< 0.05

How to get rid of them?

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023
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Won:

An engineer’s
solution

g Limsoon, lecture for GS6883B, Aug/Sep 2023

n (50%)"
1 50.00%
2 25.00%
3 12.50%
4 6.25%
5 3.13%
6 1.60%
7 0.78%

Test using at least 7
independent test sets
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Test on many

datasets

-------------------

=1
= Observed 1000
s
| Theoratical . 1000

I I
: Known : ! 48 !

Known {signatures)

___________________ g |
8 - ;
.
Chi-square test : o
p-value = 0.013 <
. {simulated p-value, & 2 — ]
- 2 7| 1000 repeats) e
c =
% MW=Ll i
o ﬂr}veraal Un-re?mal
18]
T o
g
P(Cbserved ==4) = 0.001
[ |
- P{Known=7) =0.79
ﬁ — —I
I sPs
o - J ._g_.j
| | | | | | | |
0 1 2 3 4 5 6 7

Mumber of datasets random signature significant in

Wong Limsoon, lecture for GS6883B, Aug/Sep 2023

Validated
sighatures are
universally
significant

Random
signhatures are not
universal, even
though they get
better p-values
than known
signatures on
some datasets

Goh & Wong. Turning straw into gold: Building robustness into gene signature inference.
Drug Discovery Today, 24(1):31-36, 2019.
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Wong Limsoo

-------------------
-1 ]
Observed 1000

: 4 :
! Theoretical [JJJ] 1000 !
1 -

Exercise #8

Chi-square test :
p-value = 0.013

(simulated p-value,
~1 1000 repeats)

600

P(Observed >=4) = 0.001

nnnnn =7) = 079

200
[

SF'S

IL.L;

0 1 2 3

Number of datasets random signature significant

The red bars show the theoretical binomial
distribution on expected # of random signatures
that should be significant on n datasets

What do you think is happening here?

n, lecture for GS6883B, Aug/Sep 2023
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'What have we learned?

When a statistical test is significant, think again!
Sample is biased

Null distribution used is inappropriate

Null / alternative hypothesis incorrectly stated
Inappropriate expt design

Confounders are aplenty

“Independent” test data are not as independent as
you think

Wong Limsoon, lecture for GS6883B , Aug/Sep 2023
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