3

V.

For the best experience, open this PDF portfolio in
Acrobat X or Adobe Reader X, or later.

Get Adobe Reader Now!



http://www.adobe.com/go/reader


BS6213
Anna Karenina Principle
Professor Wong Limsoon

16 January 2023

This session highlights the theory-practice gap that exists when theoretical statistics are applied on real-
world problems. There is definitely a need to be reflective when using statistics!

The supplementary materials below are useful for a deeper appreciation of the examples discussed in
the session. These are optional to read:

e Goh & Wong, “Dealing with confounders in omics analysis”, TIBTECH, 36(5):488-498, 2018. This
article introduces the Anna Karenina Principle in doing statistical analysis in the omics context.

e Srihari et al., “Inferring synthetic lethal interactions from mutual exclusivity of genetic events in
cancer”, Biology Direct, 10:57, 2015. This article is useful background for exercises #3.

e Pinoli et al., “Identifying collateral and synthetic lethal vulnerabilities within the DNA damage
response”, BMC Bioinformatics, 22:250, 2021. This article is useful background for exercise #3,
#4 and #5.

e Goh & Wong, “Why breast cancer signatures are no better than random signatures explained”,
Drug Discovery Today, 23(11):1818-1823, 2018. This article is useful background for exercise #7.

e Goh & Wong, “Turning straw into gold: Building robustness into gene signature inference”, Drug
Discovery Today, 24(1):31-36, 2019. This article is useful background for exercise #7.

e Ho etal., “Extensions of the external validation for checking learned model interpretability and
generalizability”, Patterns, 1(8):100129, 2020. This article is useful for exercise #8.

Pre- & post-session reports assignment
Before the session (submit before 15 January 2023):

e Discuss possible conceptual and/or technical error in the paper,
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0166742

After the session (submit by 18 January 2023):

e Submit a brief report on what you have learned from the session. Any change in your opinion &
comments on the paper from the pre-session report?



https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0166742
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data. It derives from the situation where the null hypothesis is rejected for extraneo
alternative hypothesis is relevant to the disease phenotype. The mechanics of apply

Xists when theoretical statistics are applied on real-worlo
S reasons (or confounders), rather than because the

ing statistical tests therefore must address and resolve

confounders. It is inadequate to simply rely on manipulating the P-value; indeed, | will show how/why this can be the wrong thing to do! I will
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Hypothesis testing





|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 {(S,) where S,
ranges over the set of null samples S, for which H, holds

BS6213 @ NTU, Jan & Feb 2023





Anna Karenina

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

Leo Tolstoy

www.thequotes.in

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 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

And so on





=, Cicny Tolly Weions

Wjﬁ‘i DEFEAYS

sample
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Wong Limsoo

Group

Genotypes  Controls [n(%)]

Cases [n(%)] )(2 Pvalue

AG 8 352% 9 915%

GG 69 63.9% 2 25%

rsl23 M 1 0% 0 0.0% 478521

Abbreviation: SNP, single nucleotide polymorphism.

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

Ifrs123 is AA or GG, unlikely to get the disease
If rs123 is AG, ~3x higher risk of disease

A straightforward y2 test. Anything wrong?

n, lecture for BS6213 @ NTU, Jan & Feb 2023





There may be
sample bias

Intentionally left blank
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Careless null hypothesis

“Effective” H,

rs123 alleles are
identically distributed in
the two samples

Assumption
Distributions of rs123

alleles in the two samples

are resp. identical to the
two populations

»

Apparent H,

rs123 alleles are
differently distributed in
the two populations

“Effective” H,

rs123 alleles are
differently distributed in
the two populations OR

Distribution of rs123
alleles in the two
samples are not identical
to the two populations





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?





When two
genes are
close
together, this
iIs what
happens

during
meiosis

Intentionally left blank
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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.

Null distribution
Alternative distribution

05

Density
03 0.4

0.2

0.1

0.0

Inappropriate ...
null distribution

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 2023
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|Synthetic lethality

CEEMI—&‘

Why interested in
synthetic lethality?

Synthetic-lethal
partners of frequently
mutated genes in
cancer are likely
good treatment
targets

13





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 BS6213 @ NTU, Jan & Feb 2023
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Exercise #3

PIX<|Sap|] = 1-PIX > [Sagl]. (1)

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

)

P[X £ S,5] £0.05 implies mutations of genes
(A,B) avoid each other

Anything wrong with this?

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 2023 15





'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
S001
&001 T
g [ ] [ ] [ | [ ]
0 2 | | | | |
2
2
—4—HCC13 £
2
001 =s=miC1 E
. \
y — y ' T
41 51 61 71 81 %1 400 131 221 1%L 244 151 161 171 281 191 204 21 A % 4
Gene rank by mustual exclesivity with BRCAT & \Ei" £
& A
B
- Cell lines with SRCAT mutation, bov o downregukstion

Among top ME-genes, But GARP scores of ME-
GARP score ranks genes (i.e. have mutually

: exclusive mutations to
gigﬁg;envgggkr:uwal BRCA1) are like other genes

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 2023 16





Hyper-
geometric
distribution
doesn’t ...

on, lecture for BS6213 @ NTU, Jan & Feb 2023
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‘Real-life example:
Mutations of TP53 and its
neighbours

TNFSFIZ O

288 Kb} | hass
5,008 7,558,008 7,600,000 7,850,008] 7.768,008] 7,750,080 7,800,008 ° SERFY O [ 1O AT
fores:  Girncsd suvsel (18 b, (LK, ara VPl reac o Relasse ccr assbeliee. meser cos. NNININITANN
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THFSF13 SAT2 TFS3 coas 248
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mesrisd o] LR mrDUY 2% ] OO
SENF3 3 H'—'-i
SEMPI-EIF4A1 mesnn SHEC TPS3 BOX1S CLO e
EIF4/M1 ™
eiront B TriER SHEG %]
= i
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e ee B N ath e ATP1B2 Gl 11O A
P s 4 o 2 NN
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MPDU? He
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Goetic Alieration I i i | Hostentions bl it

(a) Genomic location of genes close to TP53 (b) CNA profile of genes close to TP53
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Wong Limsoo

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 N T

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 TP537

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

n, lecture for BS6213 @ NTU, Jan & Feb 2023
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Tumour
bearing
homozygous
TPS3/FXR2

co-deletion ...

Intentionally left blank
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Intentionally left blank
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Inappropriate
experiment design





Exercise #6

Overall
A B )
_ Treatment A is better
lived 60
died 100 165
Women Men
A B A B .
l. . Treatment B is better
ived 40 15 lived 20
died 20 5 died 80 160

What is happening here?

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 2023





A/B sample
not equalized
in other
attributes,

Overall

S

‘60 ‘65

\100 \155

C

lived 0 |50

|died B0 [160

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 2023
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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





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

I DIDN'T HAVE ANY

ACCURATE NUMBERS

S0 I JUST MADE UP
THIS ONE.

EIGHTY-
SEVEN.

Boottadarms I asl, com
af =2008 Scolt Adams, Inc./Dist by UFS, Ing

www.dilbert.com

2
© Scott Adams, Inc./Dist. by UFS, Inc.

Confounders abound

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 2023
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Venet et al., PLOS Comput Biol, 2011

) e | A seemingly
' “ obvious
2 s isas conclusion

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 BS6213 @ NTU, Jan & Feb 2023 27





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 ¢ wennas
{ NP P Marginals
i Above 0.05! 7043 19 043 l 26 086
' Below 0.05! 2766 19 148 21 914
| Marginals | 9809 | Eé'i'éi"'}""lié'adb"'

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 2023
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40-50% of random
signatures have p-value
<< 0.05

How to get rid of them?

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 2023
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An engineer’s
solution

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 2023
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Known {signatures)

.................. ¥ .
]
E
Chi-square test : a
p-value = 0.013 £
a {simulated p-value, 5
- 2 7| 1000 repeats)
E a
g Mear-Lriversal Linivergal
g <7 =7
'I =]
[ ]
=

P{Observed ==4) = 0.001
I I

P{Known=7) = 0.79

g - B

I SPS
o - J . ____ *
I I I ] I I I I
0 1 2 3 4 5 6 7 Intentionally left blank

Mumber of datasets random signature significant in
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significant on 7 breast
cancer datasets

| |
Exercise #8 B . SPS is universally
:T" ical - i Known (signatures)

« Random signatures
(same size as SPS)
are hardly universal,

even though they get
better p-values than

known signatures on
some datasets

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?

Wong Limsoon, lecture for BS6213 @ NTU, Jan & Feb 2023 33
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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

35
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