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Discover (interacting) exposures causing a (health) outcome

Tabular data: nergy/Interaction example: Lun ncer risk o
abular data synergy/Interaction example ung cancerris v baseline risk = P(Y=1[X,=0, X,=0)
e Questions: Health O _ 4 ‘
YrRastrEs: i - calth Outcome: Y’ X,=0 X,=1 Interaction Coefficient:

- sex (male/female Di 1=Y. 0=N

_ age(category ) - Which exposures cause isease (1=Yes or 0) P(Y=1|X,,X,) NoAsbestos Asbestos IC = (R —R——> _ [(R ——R——) + (R_ _R__)]

- taking drug A an increased risk? A A = AS AS AS AS AS

- taking drug B i - — — _ —R- + R--

] physi?:ally%ctive - Do they act alone or in synergy? X,=0 e Srgokmg 0.11 % 0.67 % RAS RAS RAS RAS

-~ smoking | =45 —0.67 —095+0.11 = 2.99

] E!gﬂ ElMl q X,=1 Smoking 0.95 % 450 %

- hi 00d Pressure - : 3 . 5

] exgposed toppollutant C Note: a similar task might also occur in other domains S = ifIC > 0 positive interaction Can we discover 1
| (social sciences, environment, public policy, llf IC < 0 negative interaction su.cr? mteLactch)ns N
_finance, marketing, industry...) ifIC = 0 no interaction | with machine learning?

“Linear” regression Neural network + XAl

Model: ¥ regression terms = all possible combinations of P(Y=1|X X ) — Z ( Rel.U (Z X Bl + ch) ) + Rb* » Stochastic Gradient
B oy . input variables! A , - L) J Descent
P(Y|X,=x,,X,=x,) = ¢ + C; X, + c2 x2 +Cy X Xy i P Y
——————————————————————————————————————————————————————————————————————————————————————————————————————————————————— — S* hj ivati T * Squared prediction-error
Limitations: a S, hidden layer activations 5 cqine risk <
c, = P(Y|X,=0,X,=0) = baseline risk - 2 regression terms | . /4 0SS (Y. — Puioer(Y1X))
. (11 binary exposures —» 2048 terms') 2 6 Non-linear hidden layer .
¢, = P(Y|X,=1,X,=0) — P(Y|X,=0,X,=0) = risk due to X, alone _ overﬁttlr?/g P | = g gfr?rgg%zﬁ.?'edgﬁ; layer “+ Regularization through
. _ _ _ — risk due to X alone - requires large dataset 8 O higher-order interaction | (s)cg]uva\algeidhlé—norr? penalty
Cr = P(Y X,=0,X,= ) P( Xl—O,Xz—O) - 2 - computationally challenging ‘ c c “(no more need to test | 9 ”[3”
_ _ - hard to interpret variables occurrlng cC © “all terms explicitly!), as | ... . . :
€3 = P<Y|X1_1 X2_1) P( X, =1,X,= ) in multiple interaction terms \ 8 = “well as standalone j Inltrlarlrllzet bras.etlrl1nrenr|s|r<] Iy
—P(Y|X,=0,X,=1)+ P(Y|X,=0,X,=0) - misleading results even if p-value of < 2 ‘,??‘,P??Q,r?,?ﬁ??t?,,,,,,,,,,,,,,,,,,,_3 parameter with mean ris
~ regression coefficients is low | B, * o PR E[Y ]

= risk due to interaction between X, and X, = IC

- values are constrained to < 0

Discover high-risk subgroups Simulation

Step 1: Decompose the prediction for each individual Step 2: Cluster individuals based on Synthetic data: Pl |
into risk contributions per exposure their risk contributions IEROEO Measures Spnses J Unmeosured '\, IR
. . . . . /  Component \ outcome
(using Layer-wise Relevance Propagation) (using Manhattan distances and the 08 —» Physically causes ‘*\
[Bach et al. 2015] Ward’'s method for hierarchical clustering) ~o.z/'active Cause 1.
b Strauss et al. 2017 98 Not physically active,
i OUtDUt |aver' RtOtCll p— PMOdel ( Y — 1| X) i R * Id Rb¢ RMan RWoman RDrugA RNodrugA RDrugB RNodrugB [ ] e LOW SES L[')L,p V. : o
1 1005 0 0 0 o 5 5 A" " . : :Jlght shift . g
0.95 utation Isease
Sj ¥ 4 (005 |0 0 0 0 0 0 subgroup 005 — Genes — %;’ Cause 2:
. . _ _ . . Tl e, utation
Hidden layer: Rj = Rtotal baseline risk = LDL xr:);uuu:}\ B

0.1
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0.1 Night shifts
02 —» Living area A"

0'3\02‘Air pollution

R, Rj R oral * Inputlayer: R. = Z : R.
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Result 1: Plot of prevalence and mean-risk per subgroup

subgroup 3 s[ljbgroup 2 | | Ground truth risks:

with mean-risk > baseline risk v with mean-risk > baseline risk P(Y) = 5,4 % = mean-risk in population

and a corresponding set of exposures XW‘*\\\ and a corresponding set of exposures X, | 0 1) 2 5 56 = baseline i

(typically low prevalence) | (typically low prevalence) P(Cause 1) = 1,8 % = prevalence of subgroup with Cause 1

.20 P(Y | Cause 1) = 15 % = mean-risk for this subgroup
W = ) - Excess fraction for subgroup 2: P(Cause 2) = 1,2 % = prevalence of subgroup with Cause 2
- S Z foz - P(Y | Cause 2) = 10 % = mean-risk for this subgroup
swbgroup 1 o Py =1) | & P(X=x,)(P(Y=1X=x,) — R**) _ S
with mean-risk = aie ine risk _t: | z i P(Y=1) = — CoOL Results: -
and no exposure X,,=0 - 2 o | ) S
: = “public health impact | o
(typically large prevalence) 0.05 I A =2
Sub-group V I R o
0 S
Prevalence o
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Result 2: Table of mean-risk contributions per exposure for each subgroup o WS I W W W Tt o

. ' ' subgroup 1
Mean risk contributions by sub-group

2 2 | __’_.‘IY- 0 \ 0 « 4 9%, 4 1% 4 4%

(Standard deviation) £ O G 2~ 2~ O~ © .- 0.2%
. i o\ - - Q- Q- Q- Q- subgroup 2 I SR oy

[mean risk contribution if other exposures are set to 0] 0% ° v W\ o oV e NON| N Ro%

subgroup 3 H )

subgroup 1

69 [ 1T% |
subgroup 2 (0.0%) . (0.0%) (0.0%)
' . [0.0%] / %

More simulations and robustness checks are available in the

Supplementary Material of the paper with below causal structures:

subgroup 3

(a) Interactions (b) Clustered causes  (c) Mediation (d) Confounding

]Ic‘|OW to test?exposures - if “contribution of exposure X. within subgroup” > “contribution of exposure X, with other exposures set to 0”
for synergy? o
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» Code: https://cran.r-project.org/package=CoOL
» Website: https://www.causesofoutcomelearning.org
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