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SEEING Is BELIEVING

» High contrast

» High specificity (targeted
molecules)

» High throughput

> Quantitative (ﬂLIOI' escence [Zebrafish; Cutrale, F. et al., 2017]
intensity, fluorescence lifetime
etc.)

» High resolution (~ 20nm)

» Dynamic (monitoring
biological events for 24 hour)

[Drosophila; Chhetri, R.K. et al., 2015]
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var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton0'){ocgs[i].state=false;}}




var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton1'){ocgs[i].state=false;}}



OUTLINE

What is Colocalization?

A Statistical View of Colocalization
Global Assessment of Colocalization
Local Identification of Cololization

Concluding Remarks
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OVERVIEW

What is Colocalization?
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COLOCALIZATION

Interaction
between
bio-molecules

Binding
physically

T

Colocalization
between
channels
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Red +
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» Subjective, susceptible to cross-talk, and etc.

» Time consuming, labor intensive
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(Pioneered by Manders and Co., 1990s)
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Make
scatter plot

Select region
of interest

/\

Calculate
colocalization
index:

r = —0.016

CURRENT PrPELINE FOR COLOCALIZATION

Evaluate
statistical
significance

Pearson , Pvalue: 0.994005994005994
'

304

(see, e.g., Bolte and Cordeliéres, 2006, Dunn et al., 2011)

9/39




» How to choose region of interest?

» How to choose colocalization coefficient?
» How to evaluate statistical significance?
» How to do so in a computationally efficient way?

Our goal: a general statistical/computational framework for
colocalization that is

» Automated

» Statistically valid

» Computationally efficient
» Flexible and powerful
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OVERVIEW

A Statistical View of Colocalization
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BACKGROUND OR SIGNAL?
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WHAT ARE WE MEASURING?

Pearson’s correlation coefficient:

_ X=X -Y)
o - X, (- 1

Manders’ colocalization coefficients:

_ LiXilooo 0 30 Vil

M
' Zi X; Zi Y;

Correlation:

Co-occurrence:
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CorocAL1zATION AS TAIL DEPENDENCE

» Positively quadrant dependence (PQD, for short) (Lehmann, 1966):
P(X>x,Y>y) >PX>x)P(Y >y)
» Colocalization manifested as correlated co-occurrent signals:

co — occurence (V) : S(nx, my) — S(nx, —00)S(—00, 7))
correlation (T): P {(X —X)(Y=Y)>0X,X >n¢;Y,Y > ny} —

P{(X—X)(Y— V) <0X,X > Y, Y > ny}.
» Background vs signal:

F(xa]/|x>77xv]/>77y):anmy(x,y) < PQD
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COLOCALIZATION
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no PQD
exhibit PQD

(Xi,Yi) ~ Fo(x,y)
(Xi,Yi) ~ Fi(x,y)

» Assume each (X;,Y;)" is drawn from a bivariate distribution.

» Without colocalization
» With colocalization




OVERVIEW

Global Assessment of Colocalization
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A HyrotHEesis TESTING APPROACH TO COLOCALIZATION

» Assume each (X;,Y;)" is drawn from a bivariate distribution.
» Without colocalization

(Xi,Yi) ~ Fo(x,y), Vi
——

no PQD

» With colocalization located at an unknown set C of pixels
(Xl', Yl) ~ Fl(x,y) s VieC
SN——
exhibit PQD
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H() : (Xi; Yz) ~ F() VieC \E] H1 : (Xi7 Yl) ~ F1 VieC

» Positively quadrant dependent property implies

Ty = E(sign(X; — X;)sign(Y; — Y;)) > 0.
Here 7y is called Kendall tau correlation.

» Empirical version Kendall tau correlation is a good indicator of
correlation of H(x,y)

N 1

TH = ———— sien(X; — X;)sign(Y; — Y;
H nC(nC_l) i;;e:c g ( 1 ]) g ( i ])

But we do not know C (or equivalently 7, and 7,)!
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TEsTt FOR ConDITIONAL PQD

» Known 7, and 7, — conditioned and normalized Kendall’s tau

18 2
5_\(77) _ { 1y (ny—1)(2n,+5) Zi,jelC(n):i<j SIgn(Xi o X])(Yl - Y/) hy > 1
—0o0

Ty

where K(n) = {i : X; > nx,Y; > n,} and n,, = |K(n)|.

Scatier Plot

000

2000 40600

3000
Red Channel

» Unknown 7, and 7,

<1

T = max 7(T)
To>X i), Ty>Y iy:i,j> (/2]
> Test
" reject Hy if7° > g,
T p—
accept Hp otherwise
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SAMPLING DISTRIBUTION ESTIMATION

Statistical significance by permutation 71802 71819
test: 4afs5]6| |4]5]6
» Calculate 7, and record it as Ey.
) P . 1213 1213
» Forj=1:B, block-wise
randomly shuffle {X;};c; with l
block size D. Calculate 77, on
;hufﬂed data and recorded it as 7slo 1513
]' .
» P-value: #{E; > Eo}/B A5fef [2]7)°
1213 6148
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ComMpPUTATIONAL CONSIDERATION

Fast computation:

Fi= (T
Tf TXZXU),TI;IIZaY)?k):]‘,kGRn T( )
where
1 j
= 5= |n— (1 =1,2,... > 2] ».
R s:s n ( +log10gn) j ,2, and s> [n/2]
n
> 7/ is faster to compute
Tl 7
#7(T) | O(n?) | O(log’ n)
» And just as powerful
1
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DoEs 1T work?

» Assume that {(X;,Y;) : i € I} (n := |I|) are independently sampled
from F obeying

loglogn

sup V(nx, ny) - T*(nx, ny) > .

nx,>ny
Then A is a consistent test in that we reject Hy in favor of H; with
probability tending to one.
» Conversely, there exists a constant ¢ > 0 such that for any a-level
test A based on sample {(X;,Y;) : i € I}, there is an instance
where joint distribution function F obeying

loglogn

sup V(nx,my) - T*(nx,my) > ¢ .

XMy

and yet, we accept Hy with probability tending to 1 — « as if Hy
holds.
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P-value: 0.866

P-value: 0.092 P-value: 0
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OVERVIEW

Local Identification of Cololization
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p = 0.092
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LocaL QUANTIFICATION OF COLOCALIZATION

» Pixel-wise hypothesis:
Hk70 :Fr e Fy V.S. H/c,l Iy € F1, kel

where F is the distribution of (X, Y).

» Colocalization as tail dependence:
Hio : Q(F;smx,my) =0
and
Hi1 2 Q(Fi; mx,my) > 0.

for pre-specified nx and 7y.
» Only one pair (X, Yi) available for
each pixel k.
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LocaL QUANTIFICATION OF COLOCALIZATION

Weighted Kendall tau’s correlation in a neighborhood B(k, r)

iz wik; )y (k; )sign(X; — X;)sign(Y; — Y))
> iz Wilks r)w;(k; )

Tw(k; 7)==

» Weight w;(k;r) is decomposed as

wilk; ) = Ky ("“;")) Ko(X;, Y))

» K gives less weight to the pixel i
whose location is far from k.

> Kb(Xj, Y,) = 1(Xi>77x)1(Y[>77Y) deals
with background.
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PROPAGATION-SEPARATION

wi(k; 7’0)

l

Tw(k§ 1’0)
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PROPAGATION-SEPARATION

wi(k; 7’0) wi(k;f’l)
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PROPAGATION-SEPARATION
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PROPAGATION-SEPARATION

wi(k;ro)  wilk; ) w;(k; rs)

A A

Tw(k;ro)  Tw(k;r) T (k; 75)
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wi(k;ro)  wi(k;ry) w;(k; rs)

A A

Tw(k§ 7’0) Tw(k§ 1”1) Tw(k§ rs)

s pdt® %\ C'olocahzed
/"ﬁ)n—colocahzed

4
f

28/39



MuLriscaLE ADAPTIVE TEST

» Test statistics for Hy g against Hy 1 is

3 /(T
Z(k;rr) = S\NL (ki)
where )
NT = <Z wi(k;rT)> / > wik;rr).

» Under Hy gs, Z(k; rr)s behave like standard normal distribution.

» Correct for multiple testing issue by either Bonferroni method,
false discovery rate method or random field theory.
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ExaMPLE
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ExaMPLE
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OVERVIEW

Concluding Remarks
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(Becker and Sherer, 2017)
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var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton2'){ocgs[i].state=false;}}



var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton3'){ocgs[i].state=false;}}



1 hours 9 hours

(Becker and Sherer, 2017)
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var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton4'){ocgs[i].state=false;}}



var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton5'){ocgs[i].state=false;}}



CoLLABORATIVE TEAM

0,000, ¢
RN
o

Bioconductor

J OPEN SOURCE SOFTWARE FOR BIOINFORMATICS

Cytoplasm

. FhEghA

Nucleus
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SUMMARY

» Colocalization analysis is wide used
» Quantitation in colocalization analysis

» Challenges in quantitative imaging
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Thank you!
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