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@ | am a PhD student at the Institut de Mathématiques de Toulouse and in the MIND
team at Inria Paris-Saclay

@ My advisors are Pierre Neuvial (IMT) and Bertrand Thirion (Inria Paris-Saclay)

@ | am an ELLIS PhD student, so | did a 6-month research visit: | came to Amsterdam
to CWI to visit Peter Griinwald

@ My research interests are: Interpretable Machine Learning, Conditional
Independence Testing, e-values, and Missing Data
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Setting: Supervised learning in tabular data

We have a dataset {(x;,y;)}_;,where x; e RP and y; € R.
The goal is to learn a function

o sa
such that

for unseen data points (x, y).
To evaluate the predictive performance of a model f: 2" — %", we use a loss function
U xRy,

for example:
@ Quadratic loss: /(y,y) = (y — ¥)?
o Classification 0-1 loss: £(y,y) =1(,.3,
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Explainable Al and Scientific Discovery

Two main goals of explainability:

@ Local Variable Importance
® Explains a single prediction for an individual instance
> e.g., Why did a credit scoring model reject Kayané’s loan application?
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Explainable Al and Scientific Discovery

Two main goals of explainability:

@ Local Variable Importance
® Explains a single prediction for an individual instance
> e.g., Why did a credit scoring model reject Kayané’s loan application?
e Often leads to counterfactual explanations:

»> What minimal changes would flip the decision?
> e.g., Research does not pay enough, she should change the job.
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Explainable Al and Scientific Discovery

Two main goals of explainability:

@ Local Variable Importance
® Explains a single prediction for an individual instance
> e.g., Why did a credit scoring model reject Kayané’s loan application?
e Often leads to counterfactual explanations:

»> What minimal changes would flip the decision?
> e.g., Research does not pay enough, she should change the job.

@ Global Variable Importance

® Explains how features influence the model overall
® e.g., Isincome generally important for credit approval? what about eye color?

Focus of this talk: Global Variable Importance
Gunther et al. (2025) pessimistic about Local Variable Importance for complex models.
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Explainable Al and Scientific Discovery

Two main motivations for StUdying Global From Predictive Model to Scientific Discovery
Variable I m po rtance - PREDICTIVE MODEL SCIENTIFIC DISCOVERY

PREDICTION

@ Explainable Al (xAl): | ’ :
* understand the model itself, i.e., identify the < A G a
features on which the model relies. o %P o ) 5
@ Scientific Discovery:
® use a predictive model to understand reality.
Understanding which variables drive
predictions can provide insights into the
underlying data-generating process.

EXAMPLES OF
INSIGHTS

an draw conclusions about the data generating process
d advance our knowledge of Alzheimer's disease.
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Linear Models

Linear Model assumption: Y = ):j’.’:1 ﬁij + g,where € is centered independent noise.

We estimate the relationship using

~ P . .
f(X) =Y Bix.
=
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Linear Models

Linear Model assumption: Y = ):j’.’:1 ﬁij + g,where € is centered independent noise.

We estimate the relationship using
~ P
f(X) = Z BiX'.
j=1

Interpretability comes naturally: ~

Bl
measures the influence of feature X/ on the prediction.
The same idea extends to:

@ Generalized Linear Models (e.g. Logistic Regression),
@ Regularized linear models (Ridge, Lasso).

Limitation: linear models struggle to capture nonlinear interactions.

Angel REYERO (IMT & Inria Paris-Saclay) Variable importance 9th of June



Decision Trees

Student?

[Income > 50k’?}

N
[ Buy } [Don’tBuy} [ Buy } [DontBuy}

@ Easy to visualize and explain,
@ Naturally capture interactions and nonlinearities,
@ But often unstable and less predictive than ensemble methods.
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Random Forests

Oy =

A random forest aggregates many decision trees trained on random subsets of:
@ observations (bootstrap sampling),
@ features (feature subsampling).

Advantages:
@ Strong predictive performance,
@ Captures complex interactions,
@ More stable than a single tree.
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Random Forests

Oy =

A random forest aggregates many decision trees trained on random subsets of:
@ observations (bootstrap sampling),
@ features (feature subsampling).

Advantages:
@ Strong predictive performance,
@ Captures complex interactions,
@ More stable than a single tree.

? How can we assign an importance to X’/ in the RF model?
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Mean Decrease Accuracy (MDA)

Mean Decrease Accuracy (MDA)

X! X2 X XP
1| xu1 Xigr | e | Hag ||| e [ Xap
Original data Model
2| X2 Kppr || weree M gy i e | DD
> Performance otie
X : ; : : . : : (e.g., accuracy)
n Xn1 Xn2 Xnj Xnp
X! X2 X7 Xr
1| xn X12 | v [ Xmyj | ocer | Xap
Permute column j
. X21 X22 e | Xm@)j | ot | X2p
Xn( ) ) - - = - : Performance
s : : : : : ; (e.g., accuracy)
n Xn1 Xn2 Xr(n)j Xnp

If permuting feature j decreases the performance

(ie. A;Qm < Agig), then X/ is important.

= )
MDA; = A, — A2,
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Mean Decrease Accuracy (MDA)

Idea: a feature is important if shuffling its values decreases the model accuracy.

For a feature X:
@ Compute the prediction error on the test set,

Phest

ElTorig = ZE f(x:),¥i)-
Mhest [=
@ Randomly permute the values of the feature X/ among individuals: X7\).
© Recompute the prediction error,

1 Mhest

Y (FCTY ).

test j—1

Errl()jerm -

@ Define the importance score: MDA, = Errr(,Qrm — Errorg.

Large increase in error = important feature.
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Model-agnostic Variable Importance

Modern machine learning models include:
Gradient Boosting, Neural Networks,
SuperLearners, foundation models, etc.

Question: how do we interpret such complex black-box models?
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Model-agnostic Variable Importance

Modern machine learning models include:
Gradient Boosting, Neural Networks,
SuperLearners, foundation models, etc.

Question: how do we interpret such complex black-box models?
A key idea is to generalize Mean Decrease Accuracy (MDA) to any predictor 1.

This leads to Permutation Feature Importance (PFI).
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Permutation Feature Importance (PFI)

PFI measures the increase in prediction loss when a feature is randomly permuted.
Let Ztest = {(X/ayl)}mest
Define the importance of feature j as:

1 Thest 1 Mtest

e(FO ) — C(F(xi), i)

Mtest i=1 MNtest i=1

PFI, =

where x 'is obtained by replacing the j-th feature value of x; with the value of feature j
from another randomly chosen observation.

Angel REYERO (IMT & Inria Paris-Saclay) Variable importance 9th of June



Permutation Feature Importance (PFI): Limitations

Although PFl is model-agnostic and widely used, it has several issues:

@ Theoretical limitations: PFI does not correspond to e o« Cromal
an interpretable estimand (Bénard et al. (2022)).

@ Extrapolation issues: permuting features may create %120
unrealistic samples outside the data distribution (Strobl 3
et al. (2008); Hooker et al. (2021)). iz

Latitude
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Permutation Feature Importance (PFI): Limitations

Although PFl is model-agnostic and widely used, it has several issues:

@ Theoretical limitations: PFI does not correspond to
an interpretable estimand (Bénard et al. (2022)).

|
-
=}
Y

|
-
=}
@

@ Extrapolation issues: permuting features may create
unrealistic samples outside the data distribution (Strobl
et al. (2008); Hooker et al. (2021)). iz

-120

Longitude

-124

Key idea: permute while keeping realistic observations.
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Conditional Feature Importance (CFl)

PFI

Pocin, vy = Py x-iy Pxi

x Breaks X/-Y
x Breaks X/—X—/
x Unrealistic samples
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Conditional Feature Importance (CFl)

CFI
PFI
P vy = Py x-iy Pxiix-i
P(X,r(/‘),y) = P(Y,X*/') Pxi ; ;
_ v Preserves X/-X"/
x Breaks X{—Y | v Realistic samples
x Breaks X=X~/ v Breaks X/-=Y | X~I

x Unrealistic samples

Key idea: condition on the remaining features X~/ before resampling X/.
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Conditional Feature Importance (CFl)

CFI measures the increase in prediction loss when a feature is conditionally permuted
Let Ztest = {(Xi;}/i)},r'ia?-
Define the importance of feature j as:

Mtest

,\ 1 Mtest
ZE Zé (f(x). ¥i)-

Mtest = ntest

ver(f) =

where x replaces the j-th feature value of x; with a new sample from .Z(X/ | X7/).
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Conditional Permutation

Conditional sampling of X/ with Respect to X~/

Dataset .
24
oo
oo o
14
X .
04 —
’ 8 Co
N °® «
-1 .
o
°
—2
-2 -1 0 1 2 3
X~
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Conditional Permutation

Conditional sampling of X/ with Respect to X~/

Dataset .
— EXI|XT]
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Conditional Permutation

Conditional sampling of X/ with Respect to X~/

Dataset .

i

— ELXIX7] H
i

---- Residuals H
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Conditional Permutation

Conditional sampling of X/ with Respect to X~/

« Dataset .
— EX/|XT] i
---- Residuals ;
@ (T EX|XT=x7)
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Conditional Permutation

Conditional sampling of X/ with Respect to X~/

« Dataset .
— EX/|XT] i
i
---- Residuals H
21 . (X’IIE[)(IP(’I':X’I]) ;
i
— b — EXIX5T] !
i H
L
14 i
B3
0
—1
H
o
i
i
i
-24 i
-2 -1 0 1 2 3
X~
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Conditional Permutation

Conditional sampling of X/ with Respect to X~/

« Dataset .
i
— EXIX] H
i
---- Residuals H
21 . (X’IIE[)(IP(’I':X’I])
— X - e Ix;)
X (T EXIXT = X1+ (X — ELXGIXE)
d
1 i
i
)
X
04
—1
H
P
i
i
-24 i
-2 -1 0 1 2 3
X~
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Conditional Feature Importance using conditional permutation

Step 1: Learn the conditional mean

Vi(X ) ~E[X | X
4

Step 2: Permute residuals

/S\IZX/.—/\}/'(X_]), )N((f):?/j(X‘/)+§j”
4
Step 3: Measure loss increase

Niest Mtest

Z@f(X ngxl yl)

Mtest /= ntest

ver(f) =

A Permute residuals, not features.
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Leave One Covariate Out (LOCO)

Leave One Covariate Out (LOCO)

LOCO measures the importance of a feature by evaluating a model
that has been refit without that feature.

Test data e Remove the j-th o Refit the model o Predict and evaluate

HETR D i covariate without X/ on test data
xt xJ S| 17 X .. e ‘ . Py Fit a model using only X~/ Predictions
[ = F ) (= (and y): 2 =
1 1 ! [
2 = |2 ‘ -»> = c
X :
i v
Nisse Meest Compare with y; using
5 loss function £(-, -)
All covariates All covariates except j
(including j)
x{j : all covariates except j for
Ttest observation i
LOCO importance . S i A . g g
B YrocoU) = Z {@ f—j(xi ’).yi) B f(f(xi).yi)] f-j + model refit without X/
of covariate j Neest

i=1

f : full model using all covariates

2(-,-) : loss function

gel REYERO (IMT & Inria Paris-Saclay)

Variable importance

9th of June



Leave-One-Covariate-Out (LOCO)

We measure feature importance by comparing model performance with and without X:

viocoli) = == ¥ [£(F5067).1) ~ €(F0x). )|

test j—1q
@ It is computationally expensive, since we must retrain a model for each feature.
@ It converges to the total Sobol’ index, a standard estimand in sensitivity analysis.
@ Due to optimization error, it is more unstable than CFI (Reyero-Lobo et al. (2025b)).

Angel REYERO (IMT & Inria Paris-Saclay) Variable importance 9th of June



HiDimStat: https://hidimstat.github.io

APl Userguide Examples Gallery Glossary and Notations More ~ Q Search ctrl 4k 03.1dev(de)r ©-~ €

i= On this page

HiDimStat: High-dimensional statistical
inference tool for Python oependnces

Documentation & Examples

codecov 8uild the documentation

References

The HiDimStat package provides statistical inference methods to solve the problem of support recovery in the context of

high-dimensional and spatially structured data. References

Installation

HiDimStat working only with Python 3, ideally Python 3.10+. For installation, run the following from terminal:
pip install hidimstat
Orif you want the latest version available (for example to contribute to the development of this project):

git clone https://github.con/mind-inria/hidimstat.git
cd hidimstat
pip install -e .

Variable importance



https://hidimstat.github.io

Index

e Advanced Topics
@ How to compare VIMs?
@ Rashomon effect

@ Variable importance for Conditional Independence Testing
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How Do We Compare Variable Importance Measures?

We have encountered several notions of importance:
@ Linear model coefficients,
@ Permutation-based importance (PFI/CFI),
@ Leave-One-Covariate-Out importance (LOCO).
A natural question arises:

How can we compare these different notions of importance?
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How Do We Compare Variable Importance Measures?

We have encountered several notions of importance:
@ Linear model coefficients,
@ Permutation-based importance (PFI/CFI),
@ Leave-One-Covariate-Out importance (LOCO).
A natural question arises:

How can we compare these different notions of importance?

Some authors argue that LOCO and PFI/CFI are fundamentally different because
@ LOCO compares two predictive models,
@ PFI/CFI evaluates a single model under perturbed inputs.
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How Do We Compare Variable Importance Measures?

We have encountered several notions of importance:
@ Linear model coefficients,
@ Permutation-based importance (PFI/CFI),
@ Leave-One-Covariate-Out importance (LOCO).
A natural question arises:

How can we compare these different notions of importance?

Some authors argue that LOCO and PFI/CFI are fundamentally different because
@ LOCO compares two predictive models,
@ PFI/CFI evaluates a single model under perturbed inputs.
Exercise. Assume
Y=Ff(X)+e, €lL X, [Elg=0, E[g?]<oo.
Show that under squared loss,

‘ ver(f) = 2vLoco()) ‘
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CFl and 2xLOCO are Equivalent

Under squared loss,

ver(f) = E{(f*(x(j)) - Y)2 o (f*(X) - Y)z] :

Using
Y =1(X)+e¢, Ele] =

we obtain
yen(j) = E[(£(X0) - £.(X))?].

Since X/ £ Xi X/ 11 XI | X, the variables f,(X()), ,(X) are i.i.d. given X~7.
Therefore, using Tower’s property, we obtain that

yer(j) = 2 |Var (£,(X) | X7) |
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Computing LOCO

Recall
Wioco() = E[(F1.(X ) = ¥)* = (L0 - V)?].
Since
f i (XT)=E[fL(X)| X7,
the additive independent centered noise yields
vioco() = E| (1. (X7) = £.(X))*| =E[Var(£.0X) | X 7).

Hence,

| ver () = 2yiocoi) |
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How Should We Compare VIMs?

Exercise.
Assume the linear model Y = Y7_. BxX* + ¢. Show that

Vioco(j) = BPE | Var(X/ | X )| .
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How Should We Compare VIMs?

Exercise.
Assume the linear model Y = Y7_. BxX* + ¢. Show that

Vioco(j) = BPE | Var(X/ | X )| .

Indeed,

Vioco(f) = E[Var(f*(X) ] X—f)} —E

Var(i B X¥ | x—/)] = BFE [Var(xf | X)]|.
k=1

@ Stronger correlations imply smaller LOCO importance.
@ Regression coefficients do not account for redundancy among predictors.
@ Different VIMs quantify fundamentally different notions of importance.

For a general framework to compare VIMs, see Reyero-Lobo et al. (2025a).
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The Rashomon Effect

@ Many different models can explain the same dataset equally well.
@ However, these models may rely on different patterns or features in the data.
@ This phenomenon is known as the Rashomon effect.
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Aggregate Models or Aggregate Importances?

For each trained model {7b}§:1, we obtain an importance estimate

Vb = y(fp).
This raises an important question:

@ Aggregate the importances
.18
V=5 b; Vb

@ Aggregate the models first, then compute the importance
18-
Gouwl 1v7
V=y Bb; b

Should we aggregate the models or the importance measures?
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Aggregate Models, Not Explanations

We proved that the excess risk satisfies

LY 06). )~ BICL(0), Y)) = &+ Op(07 %) = E[[7~ £12] + Op(n™172).

@ The term Op(n~'/2) corresponds to the test/estimation error.
@ The dominant term &€ comes from the training procedure.

@ The importance bias comes mainly from model bias!
We need model-agnostic measures; otherwise, we can’t explain the distribution.

Key message: Most of the error in ML models comes from training the model, not from
test estimation.
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Aggregating Before vs After

We compare two strategies:
@ Aggregate models first (Ensemble)

~

Vi = Y(fens)

@ Aggregate explanations after training (Sub-models)
b_ 1 g 7
v =5 ¥ v(h)
b=1
We obtain the relation

su 1— —
v =y = (v — ) (p+3p) +Op(n~1/?)

Conclusion: Aggregating models first (ensemble) leads to a smaller error.
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Simulations

x1072 LOCO
1.5 -

MSE !

0.5 1

1.0
| -

x1073 SAGE

ensemble sub-models
Bias? Bias?
I Variance BB Variance

[

128 256 512 10242048
Number of samples

128 256 512 10242048
Number of samples

Aggregation of models (ensemble) vs aggregation of explanations (sub-models).
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Simulations

;| 3 bl
% | m e 1, j

r
i

-1 0 1072 1071 0.5 1.0
R2 Score 1 MSE | ROC AUC 1

Ishig. G-func. Fried.1

Simulation results comparing aggregation of models (ensemble) with aggregation of
explanations(sub-models).
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Real data

° 100-; Saée B sub-models
Q ] B ensemble
g A H e o o a °
8. 10_1 E ] 8 ° b b L 2 P ¢
E & ] °
£ 1 8 8 & off O [Sle) S 3 b
o
SR 0 o) B S N L !
0 0f g0 gt oA 00T 40C (SO 0P e®

UKBiobank comparing aggregation of models (ensemble) with aggregation of
explanations (sub-models).
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Statistical Guarantees for Scientific Discovery

We often use machine learning models for scientific discovery:
Which variables truly influence the outcome?

Marginal independence, X/ 1L Y, is not enough:
@ Variables spuriously correlated with important ones are considered important.
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Statistical Guarantees for Scientific Discovery

We often use machine learning models for scientific discovery:

Which variables truly influence the outcome?
Marginal independence, X/ 1L Y, is not enough:

@ Variables spuriously correlated with important ones are considered important.
Instead, we test Conditional Independence Testing (CIT)

Ho: X 1LY |X7.

e X/ is important if it provides information about Y that cannot be recovered from X—.
@ If features are too correlated, consider grouping them.

To make scientific claims, we need statistical guarantees (e.g. type-l or FDR control).
Many examples to do so in HiDimStat:

https://hidimstat.github.io/stable/generated/gallery/examples
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The Model-X Principle

Most modern CIT procedures rely on the Model-X assumption:

XU~ (X | X).

We can sample copies of X/ while preserving its dependence with the rest.
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The Model-X Principle

Most modern CIT procedures rely on the Model-X assumption:

XU~ (X | X).

We can sample copies of X/ while preserving its dependence with the rest.
Given an importance statistic T(X’, Y, X/), we compare it with T(XU), Y, X).
Under the null hypothesis (Hp: X’ LL Y | X7/)) the two quantities are exchangeable:

T Y, X NEZTXD, Y, x ).
This simple observation is the foundation of

@ Conditional Randomization Tests (CRT),
@ Model-X Knockoffs.
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What should the test statistic T(X/, Y, X /) be?

The power of the procedure depends on the choice of T(X/,Y,X/).
Traditionally, one often uses the absolute value of a regression coefficient:

=Bl
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What should the test statistic T(X/, Y, X /) be?

The power of the procedure depends on the choice of T(X/,Y,X/).
Traditionally, one often uses the absolute value of a regression coefficient:

T=|B.
But isn’t this just an

Interpretability / Variable Importance measure?

For linear models, T = |[§,-| is a natural importance score.
Question:

How can we construct powerful CIT using importance measures from modern ML?
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Conditional Independence Testing with Interpretable ML

Many questions arise when using interpretable ML for conditional independence testing:
@ How can we test whether ycg(j) =07

@ How can we make the Conditional Randomization Test model-agnostic?
@ How can we make knockoffs model-agnostic?

@ How can we obtain sequentially valid procedures?
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Conditional Independence Testing with Interpretable ML

Many questions arise when using interpretable ML for conditional independence testing:
@ How can we test whether ycg(j) =07

® The CLT is not valid due to the vanishing variance under the null.
* We can use variance corrections or nonparametric tests (Reyero-Lobo et al. (2025b)).

@ How can we make the Conditional Randomization Test model-agnostic?
@ How can we make knockoffs model-agnostic?

@ How can we obtain sequentially valid procedures?
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Conditional Independence Testing with Interpretable ML

Many questions arise when using interpretable ML for conditional independence testing:
@ How can we test whether ycg(j) =07

® The CLT is not valid due to the vanishing variance under the null.
* We can use variance corrections or nonparametric tests (Reyero-Lobo et al. (2025b)).

@ How can we make the Conditional Randomization Test model-agnostic?

® The Holdout Randomization Test (HRT) is model-agnostic but requires a train—test split.
* Semi-knockoffs (Reyero-Lobo et al. (2026)) avoid the need for a train—test split.

@ How can we make knockoffs model-agnostic?

@ How can we obtain sequentially valid procedures?
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Conditional Independence Testing with Interpretable ML

Many questions arise when using interpretable ML for conditional independence testing:
@ How can we test whether ycg(j) =07

® The CLT is not valid due to the vanishing variance under the null.
* We can use variance corrections or nonparametric tests (Reyero-Lobo et al. (2025b)).

@ How can we make the Conditional Randomization Test model-agnostic?

® The Holdout Randomization Test (HRT) is model-agnostic but requires a train—test split.
* Semi-knockoffs (Reyero-Lobo et al. (2026)) avoid the need for a train—test split.

@ How can we make knockoffs model-agnostic?

* Semi-knockoffs can control the FDR through the knockoff threshold.
® They do not need conditional densities but conditional expectations.

@ How can we obtain sequentially valid procedures?
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Conditional Independence Testing with Interpretable ML

Many questions arise when using interpretable ML for conditional independence testing:
@ How can we test whether ycg(j) =07

® The CLT is not valid due to the vanishing variance under the null.
* We can use variance corrections or nonparametric tests (Reyero-Lobo et al. (2025b)).

@ How can we make the Conditional Randomization Test model-agnostic?

® The Holdout Randomization Test (HRT) is model-agnostic but requires a train—test split.
* Semi-knockoffs (Reyero-Lobo et al. (2026)) avoid the need for a train—test split.

@ How can we make knockoffs model-agnostic?

* Semi-knockoffs can control the FDR through the knockoff threshold.
® They do not need conditional densities but conditional expectations.

@ How can we obtain sequentially valid procedures?

* We can use e-values.
* Joint work with: Sebastian Arias, Michele Meziu, and Peter Griinwald.
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A Quick Introduction to the E-World

E-value. A random variable S satisfying S>0, Ep[S]<1 VPe ..
We can obtain type-| error control: by Markov’s inequality,

P[]
Pp(S>1/a) < 1o a,

so we reject Hy whenever S>1/a.
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A Quick Introduction to the E-World

E-value. A random variable S satisfying S>0, Ep[S]<1 VPe ..
We can obtain type-| error control: by Markov’s inequality,

P[]
Pp(S>1/a) < 1o a,

so we reject Hy whenever S>1/a.
E-process. A sequence (S;)>1 such that

S >0, Ep[S:] <1
for every stopping time t and every P € 4. W20 f
Al | . © —e— S; (X is not important)
By Ville’s inequality, 2 e i (xis mporam)
c10 ; 1
1 = nominal level ;
Pp (supSt > ) <a.
t>1 a 0
50 100 150 200 250 300

t

Reject as soonas S; > 1/a.
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Sequential Conditional Independence Testing with ML

Goal: Test Y 11 X' | Z assuming Model-X (Px,z is known and X ~ Px|z2)-

Existing approaches:
@ Model-X e-value Griinwald et al. (2024): based on likelihood ratio

fyix.z
fy1z
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Sequential Conditional Independence Testing with ML

Goal: Test Y 11 X' | Z assuming Model-X (Px,z is known and X ~ Px|z2)-

Existing approaches:
@ Model-X e-value Griinwald et al. (2024): based on likelihood ratio

fyix.z
fy1z

@ e-CRT Shaer et al. (2023): based on importance statistics
g=T(X,Y.2), §=T(X,Y,2),

and an antisymmetric score 9(q,q) = —9(q,q) giving an e-value 1+ g(q, q).
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Sequential Conditional Independence Testing with ML

Goal: Test Y 11 X' | Z assuming Model-X (Px,z is known and X ~ Px|z2)-

Existing approaches:
@ Model-X e-value Griinwald et al. (2024): based on likelihood ratio

fyix.z
fy1z

@ e-CRT Shaer et al. (2023): based on importance statistics
g=T(X,Y.2), §=T(X,Y,2),
and an antisymmetric score 9(q,q) = —9(q,q) giving an e-value 1+ g(q, q).

Limitations: Model-X is growth-rate optimal under correct specification, but can be
suboptimal under misspecification. e-CRT is flexible but leaves both T and g unspecified.
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e-CRT vs Model-X
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Figure 1: From Shaer et al. (2023): In the well-specified setting (left), Model-X is more powerful.
However, in the misspecified setting (center), where the conditional density cannot be learned
exactly, e-CRT can achieve higher power.
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Sequential Conditional Independence Testing with ML

Our proposal:

where 5 N
t=0m(X,2),Y), t=4m(X,2),Y),
and § is an estimate of the joint density of (t,1).
@ We estimate a 2D density, not a conditional density fyx .
@ We can derandomize it:

E)"qx, Y.Z

2q(t,1)
gt.H+q(tt) |
Joint work with: Sebastian Arias, Michele Meziu, Peter Griinwald.
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Conclusion

@ Machine learning has become a powerful tool for scientific discovery:

® |t can capture complex patterns that may not have been identified previously.
@ Modern models are highly complex, motivating model-agnostic interpretability.
@ The general pipeline of IML should be:

@ define what we mean by importance, which determines the target quantity of interest
@ compare different estimators (e.g., LOCO and CFl) and their properties,

e.g. stability, computational cost, robustness to misspecification.
© derive rigorous statistical guarantees.

Conditional independence testing uses interpretability to construct powerful tests.
Everything is already implemented in https://hidimstat.github.io!
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Thank you!

Questions?

angel.reyero-lobo@inria.fr
joseph.paillard@roche.com
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