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SEER

The Surveillance, Epidemiology, and End Results (SEER) Prog
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SEER

Breast Cancer (BC)

@ Cancer originated in breast cells

o Types and sub-types depend on _—
cell characteristics St

Survival

@ Most common invasive cancer in
women

@ Most common cancer-related
cause of death in women

@ Increasing prevalence since the
70's

@ Specific variables for BC in
SEER




SEER

Breast Cancer (BC)

5-year relative survival rates for breast cancer

These numbers are based on women diagnosed with breast cancer between 2011 and 2017.

SEER Stage 5-year Relative Survival Rate
Localized* 99%
Regional 86%
Distant 29%
All SEER stages combined 90%

*Localized stage only includes invasive cancer. It does not include ductal carcinoma in situ
(DCIs).

American Cancer Society, 2022.



Causal Discovery and iMIIC

Network inference

Breast cancer SEER data Fully connected correlation network

Causal discovery (iMIIC)
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Causal Discovery and iMIIC

Network inference

Disentangling direct from indirect relations between variables,
including or excluding cause-effect relationships.

Input Output

cvp PCWP HIST TPR
1 0.175098608713597  0.288900742307305 0.55428269 0.857808550121263
2 0.0933099433314055 0.218888618983328 0.47473369 0.332442865008488
3 0.690925023518503  0.861214176984504 0.25389608 0.849817770067602
4 0.572500821655467 | 0.549840433290228 0.15323819 0.715732422890142
5 0.857235474744812  0.255593683104962 0.49391256 0.37724070623517
6 0.590208335081115  0.367558936588466 0.62587462 0.933418722823262
7 0.816242689266801 0. 0.47205955 0.651990963146091
8 0.76507281861268  0.835657971445471 0.96377760 0.984965795883909
9 0.885613681515670  0.196845271624625 0.50106454 0.293295677984133
10 0.941809490323067  0.956555964192376 0.07710378 0.941999231465161

11 0.685077040921897  0.517504557501525 0.49092264 0.731579512590542
12 0.0605227875057608 0.759360220748931 0.69840481 0.663990918546915
0.19431169051677  0.477279279148206 0.67160601 0.996502364054322
0.614625208079815  0.360529601573944 0.02014737 0.375805815681815
0.700897089438513 | 0.777111812029034 0.56314651 0.849968496710062
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Causal Discovery and iMIIC

Novel iMIIC improvements

5 scalability to very large datasets
4 indirect path consistency

3 contextual vs stochastic variables
2 "genuine" vs "putative" causes

1 reliability of orientations

Original MIIC

iMIIC



Causal Discovery and iMIIC

Search & Score and constraint-based methods

Search & Score (Scoring function ¢)

Find the graph G that maximizes the score ¢g (.e.g, Likelihood)

Super-exponential space of networks, only — (i.e. assumes causality)
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Search & Score and constraint-based methods

Search & Score (Scoring function ¢)

Find the graph G that maximizes the score ¢g (.e.g, Likelihood)

Super-exponential space of networks, only — (i.e. assumes causality)

Constraint-based (Conditional independences)

Broader network class including — — <+ Signature of causality: X - Z + Y

Interpretability and sampling noise issues (Spurious conditional independence)




Causal Discovery and iMIIC

Search & Score and constraint-based methods

Search & Score (Scoring function ¢)
Find the graph G that maximizes the score ¢g (.e.g, Likelihood)

Super-exponential space of networks, only — (i.e. assumes causality)

Constraint-based (Conditional independences)
Broader network class including — — <+ Signature of causality: X - Z + Y
Interpretability and sampling noise issues (Spurious conditional independence)

(0) initial complete graph (1) conditional independences  (2) orientation of v—structures (3) orientation propagation

X w X W X w X w

without latent variables: PC (Spirtes 1991}, IC (Pearl 1991)
with latent variables: FCI (Spirtes 1999), AFCI (Spirtes 2001), RFCI (Colombo 2012)




Causal Discovery and iMIIC
Original MIIC

Original MIIC




Causal Discovery and iMIIC
Original MIIC based on 30ff2 scheme

Original MIIC based on the 30ff2 scheme

Robust constraint-based approaches to finite dataset (/N), based on
iterative collection of information contributors {a;}, to /(x;y)

I(x;y{ai}tn) = 10x;y)=1(x;y; a)—=1(x; y; a2|a1) — - =1(x; y; an[{ai}n-1)




Causal Discovery and iMIIC

Original MIIC based on 30ff2 scheme

Original MIIC based on the 30ff2 scheme

Robust constraint-based approaches to finite dataset (/N), based on
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Conditional independence (Including finite size correction)

F(x;yHaitn) = 1< yl{aitn) = 2keyitan, B~ <0




Causal Discovery and iMIIC

Original MIIC based on 30ff2 scheme

Original MIIC based on the 30ff2 scheme

Robust constraint-based approaches to finite dataset (/N), based on
iterative collection of information contributors {a;}, to /(x;y)

I(x;y{ai}tn) = 10x;y)=1(x;y; a)—=1(x; y; a2|a1) — - =1(x; y; an[{ai}n-1)

v

Conditional independence (Including finite size correction)

F(x;yHaitn) = 1< yl{aitn) = 2keyitan, B~ <0

3-point Multivariate Information (Positive or Negative)
I'(x:yiz[{ai}) = I'(x;y[{ai}) — I'(x; y[{ai}, 2)

(1) Affeldt, Isambert; UAI 2015. (2) Affeldt, Verny, Isambert; BMC Bioinformatics, 2016. (3) Verny, Sella, Affeldt, Singh,
Isambert; PLOS Comput Biology, 2017. (4) Sella, Verny, Uguzzoni, Affeldt, Isambert; Bioinformatics, 2018. (5) Cabeli, Verny,
Sella, Uguzzoni, Verny, Isambert; PLOS Comput Biology 2020



Causal Discovery and iMIIC

Original MIIC algorithm

(0) Complete graph (1) Remove edges 1/ (x1; X |{A;}) ~0
X w I(X, TIY,Z)~0
/(X Y|W) ~0
z Yy r(X;v|z)y~o0
F'(W; Z|X) ~ 0
'(W;T|Y,Z)~0
v T
(2) Orient V-structures (Phead) (3) Non-v-structures (Piai1)
X w ’(X;Y;Z|W) < 0 X w

I'(W:Z; YIX) <0 I'(X;V;2) >0

2 &>y X\z‘/v 7 &>y I'(X:T:Z|Y) >0
S i Y/ (Wi T:Y|Z) >0
NS ) s

PAX 5 2) = Py(Z < y) = LTIV ZIAD)

LN vzi{ay THE=V) =

1
nrezviiAn X2



Causal Discovery and iMIIC

Original MIIC algorithm

Discrete Continuous

Precision

0.00

Recall

T T T T T T
100 1000 10000 100 1000 10000
N

Original MIIC—  vs PC. .- Skeleton  Oriented-edge-only =~ CPDAG



Causal Discovery and iMIIC

Reliability of Orientations

Reliability of orientations

Original MIIC




Causal Discovery and iMIIC

Reliability of Orientations

Consistent versus inconsistent V-structures
o If I'(x;y|{ai}) <0, I'(x;yl{ai},z) >0
= I'(x;y;z{ai}) = I'(x;y{ai}) — I'(x; y[{ai},2) <O
= x — z < y (Consistent)
o If I'(x;yl{ai}) < Il'(x;y|{ai},z) <0
= I'(x;y;zl{ai}) = I'(x;yl{ai}) — I'(x; y{ai}, 2) < 0
=—> x — z < y (Inconsistent)




Causal Discovery and iMIIC

Reliability of Orientations

Consistent versus inconsistent V-structures
o If I'(x;y|{ai}) <0, I'(x;yl{ai},z) >0
= I'(x;y;z{ai}) = I'(x;y{ai}) — I'(x; y[{ai},2) <O
= x — z < y (Consistent)
o If I'(x;y{ai}) < l'(x;y|{ai},z) <0
= I'(x;y;zl{ai}) = I'(x;yl{ai}) — I'(x; y{ai}, 2) < 0
=—> x — z < y (Inconsistent)

More conservative orientations by rectifying negative MI* and CMI

Before rectification  F'(x; y|{ai}) < I'(x; y|{ai},z) < 0.
After rectification  I'(x; y|{a;}) = I'(x; y|{ai}, z) = 0.

= I'(xiyizl{ai}) = I'(xiyl{ai}) — I'(x;y[{ai}, z) = 0
—> Xx — z — y remains non-oriented.




Causal Discovery and iMIIC

Orientation in iMIIC

Discrete Continuous

1.00+

0.754 .-}

0.50+

Precision

0254 /4

0.00+

1.00+

0.754

0.50+

Recall

0.25+4

0.004_~
T T T T T T
100 1000 10000 100 1000 10000

N
Conservative MIIC — vs  Conservative PC - - - Skeleton  Oriented-edge-only =~ CPDAG

"Reliable causal discovery based on mutual information supremum principle for finite datasets”. Cabeli, Li, Ribeiro-Dantas,
Simon and Isambert. WHY21 at NeurlPS 2021.



Causal Discovery and iMIIC

Putative and genuine causal edges, and contextual variables

Contextual variables

"Genuine” vs "putative” causes
Reliability of orientations

Original MIIC




Causal Discovery and iMIIC

Genuine and putative edges in iMIIC

Endpoint head/tail orientation probabilities X — Y (pr=1—pp)
o th = 05, phy > 0.5
then —» putative cause (—» = —» or <-»)

@ py > 0.5,pp, >05
then » genuine cause

@ pp, >0.5,pp, > 0.5
then <«--» latent common cause («--L--»)

® py, =0.5,pp, =05
then undetermined or non-causal status
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Genuine and putative edges in iMIIC

Endpoint head/tail orientation probabilities X — Y (pr=1—pp)
o th = 05, phy > 0.5
then —» putative cause (—» = —» or <-»)

@ py > 0.5,pp, >05
then » genuine cause

@ pp, >0.5,pp, > 0.5
then <«--» latent common cause («--L--»)

® py, =0.5,pp, =05
then undetermined or non-causal status

Prior knowledge about probability
o Contextual variable: p; = 1.0



Causal Discovery and iMIIC

Genuine and putative edges in iMIIC

Endpoint head/tail orientation probabilities X — Y (pr=1—pp)
o th = 05, phy > 0.5
then —» putative cause (—» = —» or <-»)

@ py > 0.5,pp, >05
then » genuine cause

@ pp, >0.5,pp, > 0.5
then <«--» latent common cause («--L--»)

® py, =0.5,pp, =05
then undetermined or non-causal status

Prior knowledge about probability
o Contextual variable: p; = 1.0

o Sex
o YearOfBirth



Causal Discovery and iMIIC

Indirect path consistency

Indirect path consistency
Contextual variables

"Genuine” vs "putative” causes
Reliability of orientations

Original MIIC



Causal Discovery and iMIIC

Consistency in iMIIC

Motivation

@ Q- (-
>@{ Ols (6)
® OO OO

Complete graph Skeleton Identify V-structures Propagation

Separating set: inconsistency

type I: (2 1L 6| 3) There is no path between 2 and 6 that goes through 3,
inconsistent with respect to the skeleton;

type Il: (3 L 6| 1) The vertex 1 is a descendant of vertex 6 and 3,
inconsistent with respect to the oriented graph.

In practice, these results, even if correct in terms of dependence relation,
are not interpretable



Causal Discovery and iMIIC

Consistency in iMIIC

Classical Constraint-Based Methods present inconsistent separating sets!

9 o Step 2 9 o Step 3 9 o
© a © > ® ®» 3 (6)
Oam© @D—O® @)

Complete graph Skeleton Identify V-structures Propagation
(216/3)! (3L6[1)!

@
V-structure
> (6)
(propagation)%
@ )
Gy: partially directed

Li et al. Constraint-based Causal Structure Learning with Consistent Separating Set. Advances in Neural Information Processing
Systems (NeurlPS) 32, 14257-14266 (2019).




Causal Discovery and iMIIC

Scalability & Performance

Scalability & Performance

Indirect path consistency
Contextual variables

"Genuine” vs "putative” causes
Reliability of orientations

Original MIIC




Causal Discovery and iMIIC

Scalability & Performance

Skeleton Oriented-edge subgraph

Precision

[ imic [ pc



MIIC WebServer

Demonstration

HOME ~ WORKBENCH  RESULTS ~ TUTORIAL ~ USERGUIDE  PUBLICATIONS  USEFULTOOL!

- - - - -~ - ~
MIIC online

=
‘et > = =

Welcome to MIIC online server. This service aims at reconstructing a broad range of causal, non-causal or mixed networks from your
observational data based on multivariate information statistics.

The objective is to help you disentangle direct from indirect effects amongst correlated variables, including cause-effect relationships
and the effect of unobserved latent causes.

For a quick start, please go to the Workbench page.

[ 1Paris, lle-de-Fran:

L Y9 @ @ emc o x o

’,~ General Conditions




SEER network

Full skeleton-consistent network (396,179 samples)

Ribeiro-Dantas et al, 2022 (Submitted)

a Full dataset iSALDi
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SEER network

Comparison of skeleton-consistent graphs of independent subsets of SEER

Overall robust inference with few differences (as many networks are 'nearly equivalent’ for N < oo)
3 independent 100k subsets

(a + b edges in intersections, a € full network, b ¢ full network)

Cc

88% of edge orientation probabilities are compatible bwn the three 100k networks
92% of those are also compatible with edge orientation probabilities of full network

m]

=



SEER network: Analysis of network skeleton

Marital Status as Prognostic Factor

IENTIFIC REPORT
Sc C o S '@PLOS | o N E PUBLISH ABOUT BROWSE

Article | OpenAccess | Published: 31 January 2017
Prognostic value of marital status on . .
stage at diagnosis in hepatocellular

carcinoma Prognostic significance of marital status in breast cancer
survival: A population-based study

Maria Elena Martinez [, Jonathan T. Unkart, Li Tao, Candyce H. Kroenke, Richard Schwab, lan Komenaka, Scarlett Lin Gomez

Published: May 5, 2017 » https:/idoi org/10.137 1/journal pone.0175515

Cliicalstudy | Open Access | Published: 17 May 2005

The Breast Breast

Volume 32, April 2017, Pages 13-17 lm

Sociodemographic factors and delays in
the diagnosis of six cancers: analysis of

. . Original article
dat? from the Nvatwnal Survey of NHS The effect of marital status on breast cancer-
Patients: Cancer

related outcomes in women under 65: A SEER
SCIENTIFIC REPORTS database analysis

ELSEV

arice | Oper

ccess | Published: 11 June 2018

Survival Comparisons Between Early
Male and Female Breast Cancer Patients



SEER network: Analysis of network skeleton

Marital Status as Prognostic Factor

More information: Zhen Zhai et al, Effects of marital status on breast cancer survival by age, race,
and hormone receptor status: A population-based Study, Cancer Medicine (2019). DOI:
10.1002/cam4.2352

"Our study demonstrates that patients with breast cancer could gain significant

benefits from marriage and indicates the importance of psychosocial support to
patients with unfavorable marriage," said co-author Zhijun Dai, of Zhejiang University,
in China.



SEER network: Analysis of network skeleton

Marital Status as Prognostic Factor

Marital status

Etfillicity
Inslifance

CostLifingIndex



SEER network: Analysis of network skeleton

Analyzing separating set

Why the edge between MaritalStatus and VitalStatus was removed?




SEER network: Analysis of network skeleton

Analyzing separating set

Why the edge between MaritalStatus and DeathSpecificOfBreastCancer
was removed?

< DeathSpecificOfBreastCancer >
E )



SEER network: Analysis of network skeleton

Analyzing separating set

Insurance subnetwork

Marit§iBtatus

MedianF@inincome



SEER network: Analysis of network skeleton

Analyzing separating set

Why the edge between Insurance and DeathSpecificOfBreastCancer was
removed?

eathSpecificOfBreastCanc

?tatus



SEER network: Analysis of network skeleton

Analyzing separating set

Why the edge between Insurance and SurvivalDelaylnMonths was
removed?

urvivalDelayipMonths

CostLifiBgindex



SEER network: Analysis of network

Survival subnetwork inferred by iMIIC from SEER breast cancer dataset

AgeAt@®agnosis

Contralateral - Met alReéNode MedianHo@eholdInco
YearOfBiagnogis

3 y
4 Radifherapy
DelayDiagndBisFirstTreatment

5000 - Radiotherapy VitalStatus
4000 - B Alive
B Dead
& 3000 -
3
§ 2000 -
1000 - Il
0- -y
Not fRecoy, Perto
eco Meq

Survival Delay in Months

Surgery




SEER network: Analysis of network

Survival subnetwork inferred by iMIIC from SEER breast cancer dataset
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Chen et al. Front Onco 2020
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SEER network: Analysis of network

Surgery and subsequent treatments subnetwork inferred by iMIIC from SEER breast
cancer dataset

Dealhsuazwfﬂreaslcancer
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TumorSize
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Quadrant Radiotherapy

| W ves
Overlapping lesion | I
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Nog Pe
'/eec%mm" orme
en

"’nasa

Surgery



SEER network: Analysis of network

Surgery and subsequent treatments subnetwork inferred by iMIIC from SEER breast
cancer dataset

DeathSpedificOfereastCancer Surgery —» Histology

Infiltrating duct mixed with other

types of carcinoma (+77% after surgery),
Infiltrating duct and lobular carcinoma
(+48%), Mucinous adenocarcinoma (+19%),
Infiltrating duct carcinoma, NOS (+ 7.6%),
T @rsie S > Lobular carcinoma, NOS (-11%),

eRem:yecﬂmponenx Carcinoma, NOS (-91%),
erapy,

Adenocarcinoma, NOS (-95%)
AgeA@agnosis

BoneMetasf@isisAtDiagnosis
. AICC7thM

SurvivalDelg

DistantNodeM@BstasisAtDiagnosis

TypeSurgllPrimitiveSite

Quadrant Radiotherapy
I BreastNOS W ves
Overlapping lesion H o
Axillary tail
] Lower-outer quadrant
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|
| |
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SEER network: Analysis of network edge orientations

Analyzing genuine causal effects from CostOfLiving

The bigger picture

Grade

. Nuﬁbero.odeRemoveénvaswecompone"t
S . Etiillicity
Insilifance

N A Marif@iStatus
Method2EllalRegNode MedianHo@eHoldfncome L

Oth’urgery Histology

DelayDiagndBisFirstTreatment - - Rurfilrban

BreastR@bnstruction

TypeSurg @y PrimitiveSite



SEER network: Analysis of network

Socio-economic subnetwork inferred by iMIIC from SEER breast cancer dataset

Grade

VitalStatus
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SEER network: Analysis of network

Socio-economic subnetwork inferred by iMIIC from SEER breast cancer dataset

Grade

VitalStatus

"Nun';t;e rOfffodeRemovel vasiveComponent:

c
* * Radiotherapy
0.16 02
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3012 2015 No
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800 900 1000 1100 1200 1300
Cost Living Index

Median Fam Income

12k - o o
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3 [ | y
]
3
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Follow-Up Time in Months

*L.A. county (10% of dataset): 30% Radiotherapy in L.A. vs 52% rest of US; 7% of L.A. patients drop out vs 1.5% rest of US



Key takeaways

a Full dataset LungMetastiisAtDiagngs:

asmiwasxcauu

UveretastBkfsAtDIagnoss

Iz

5 scalability to very large datasets
4 indirect path consistency

3 contextual vs stochastic variables
2 "genuine" vs "putative" causes

1 reliability of orientations
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Supplementary Materials



Causal Discovery and iMIIC

Consistency in iMIIC with consensus graph

(D—Q)

Consensus graph Con5|stent cycle Consistent graph
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