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Why Explainable Al?

Debugging:
e Unreliable and dirty data is common in real-world projects.
* Understanding model patterns aids in identifying discrepancies with real-world knowledge, crucial for debugging.

Informing Feature Engineering:
e Feature engineering enhances model accuracy.
e Explainable Al provides techniques to uncover important features, especially in scenarios with numerous raw features.

Directing Future Data Collection:
* Insights guide businesses in deciding what new types of data to collect.
* Model-based insights offer an understanding of the value of existing features, aiding in the decision to collect new data.

Ley de IA de la UE: primera normativa sobre

Bu||d|ng Trust: inteligencia artificial
 Verification of model trustworthiness is essential. -
* Insights aligning with general understanding of the problem build trust, especially among non-experts.

Informing Human Decision-Making:
 While some decisions are automated, many crucial decisions are made by humans.
* Model insights are valuable for human decision-makers, often more than predictions alone.




Tasks in Explainable Al

Methods

* Feature Importance Provided by model design:
* Identification of the most influential features in the model's predictions. - Regression, Random Forest

e Enables understanding which variables have a significant impact on the General methods

model's decisions.
* Permutation importance, SHAP

e Partial Dependence

e Understanding how the model's prediction changes by varying one feature
while keeping others constant.

PDPs

e Aids in understanding relationships between variables and predictions.

» Single Prediction Explanation

_ , _ » Provided by model design:
e Detailed explanation of how each feature contributes to a specific .. .
orediction. * Decision trees, Regression

General methods
 SHAP, LIME

* Provides insights into the decision-making process for individual instances.




Feature importance: Permutation importance

Height at age 20 (cm) Height at age 10 (cm) Socks owned at age 10
182 55 20
175 147 10 ‘ .
Weight Feature
0.1750 + 0.0848 Goal Scored
156 142 8 0.0500 £ 0.0637 Distance Covered (Kms)
, 0.0437 £ 0.0637 Yellow Card
153 130 24 0.0187 £ 0.0500 Off-Target

0.0187 £ 0.0637 Free Kicks
0.0187 £ 0.0637 Fouls Committed
0.0125 £ 0.0637 Pass Accuracy %
0.0125 £ 0.0306 Blocked
0.0063 £ 0.0612 Saves
0.0063 £ 0.0250 Ball Possession %
0 £0.0000 Red
0 £0.0000 Yellow & Red

import eli5 0.0000 = 0.0559 On-Target
from eli5.sklearn import PermutationImportance -0.0063 £0.0729 Offsides
-0.0063 * 0.0919 Corners
perm = PermutationImportance(my_model, random_state=1l).fit(val_X, val_y) -0.0063 = 0.0250 Goals in PSO
eli5.show_weights(perm, feature_names = val_X.columns.tolist()) -0.0187 = 0.0306 Attempts

-0.0500 = 0.0637 Passes




Partial Dependence Plots
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from sklearn.inspection import PartialDependenceDisplay

my_model = RandomForestClassifier(random_state=0).fit(train_X, train_y)

disp3 = PartialDependenceDisplay.from_estimator(my_model, val_X, ['Distance Covered (Kms)'])
plt.show()




Passes =

SHAP Values

SHAP (SHapley Additive exPlanations) is a game theoretic approach to explain the output of any
machine learning model.

SHAP values interpret the impact of having a certain value for a given feature in comparison to
the prediction we'd make if that feature took some baseline value.

SHAP values do this in a way that guarantees a nice property. Specifically, you decompose a
prediction with the following equation:

sum(SHAP values for all features) = pred_for_team - pred_for_baseline_values

That is, the SHAP values of all features sum up to explain why my prediction was different from
the baseline. This allows us to decompose a prediction in a graph like this:
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SHAP Summary Plots
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SHAP Dependence Contribution Plots
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Deep Learning SHAP applica
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this picture was released in may of 1979 starring playboy playmate susan
<unk> as honey shayne , playboy playmate lisa london as o'hara and
playboy playmate pamela jean bryant as tern lynn . in one of the most
delicious sec comedies in drive - in history a bevy of bouncing young
lovelies all come together in a tale of battling <unk> sorority sisters who
will stop at pothing to bare everything . so what does <unk> really stand
for ? you 're going to have to watch the movie to get the answer . you
see , the girls are having there problems with the socety girls on campus
that make them out to be nothing but sex craved maniacs . therefore ,
the girls set out to discredit the society girls no matter what they have
to do to get the job done . in addition , cut up in this - is the dean
of the college who wants to dismantle the group of girls before they
grow out of control . i lowed this movie especially lisa london . i thought
her acting was fantastic and i 'm disappointed that she did n't get other
acting jobs . based on the three playmates alone i give this movie 10
weasel stars



Part 2 — An application in precision medicine
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Precision Medicine Challenge
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Number of Drugs x Number of Variants = Number of Hypotheses
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20k variants
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3. Optimal Patient Stratification using
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Challenge 1. Independent hypothesis weighting

Data-driven hypothesis
weighting increases
detection power in genome-
scale multiple testing

Nikolaos Ignatiadis, Bernd Klaus, Judith B Zaugg
& Wolfgang Huber

Hypothesis weighting improves the power of large-scale
multiple testing. We describe independent hypothesis
weighting (IHW), a method that assigns weights using
covariates independent of the P-values under the null
hypothesis but informative of each test’s power or prior
probability of the null hypothesis (http://www.bioconductor.
org/packages/IHW). IHW increases power while controlling the
false discovery rate and is a practical approach to discovering
associations in genomics, high-throughput biology and other
large data sets.
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Results: Hub Effect in Genetic Essentiality (HUGE
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Resources

* https://christophm.github.io/interpretable-ml-book/

* https://towardsdatascience.com/using-shap-values-to-explain-how-
vour-machine-learning-model-works-732b3f40e137

* https://shap.readthedocs.io/

Interpretable Machine
Learning with Python

Serg Masis
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