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v Background and Motivation

v’ Causal Al in Healthcare

v' Alzheimer’s disease practical example
v Our Causal Analysis on Affect Dataset
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There are three main sources of influence in causal inference: computer science, statistics
and epidemiology and econometrics. Active research on causality started in the 80’s.

JUDEA PEARL
CA | A l ITY WINNER OF THE TURING AWARD
AND DANA MACKENZIE

—_——

/?ECOND EDITION \ THE
BOOK OF
~MODELS, REASONING, >

AND INFERENCE

J'[J'DEA PEAR[/ THE NEW SCIENCE

OF CAUSE AND EFFECT

&
Epidemiology

O
CAUSAL INFERENCE

LI\!rEeTrATISTICS Why Tech Companies Hire

So Many Economists

Judea Pearl
Madelyn Glymour
Nicholas P. Jewell

WILEY



Traditional ML vs Causal Al

State-of-the-Art Al vs Causal Al

Correlation-based ML

Predictions only

Limited explainability

Spirals out of control in novel situations
Minimal human-machine interaction
Constrained by historical data

No guarantees on fairness

Needs alot of data

. Neural networks
Ensemble models

Support vector machines

Flexibility

. Graphical models

@ Decision trees

@ Linear models

Explainability

Figure. There is a trade-off between flexibility and explainability in conventional machine learning.

Causal Al

OOOOOOO

Decision augmentation

Intrinsic explainability

Adapts to new conditions
Human-machine partnership
Equipped with machine imagination
Fair and bias-free

Performs with all datasets, big and small

An important set of tasks is
counterfactual prediction: what
will happen following an
intervention in a system.

These prediction tasks are

fundamentally harder.




Advantages of Causal Al

&> Decision-making Al @ Imaginative Al
Causal Al doesn't just predict the future, it shapes it. Causal Al can explore hypothetical worlds, uncovering insights that explain why events happened.
Explainable Al 6 Fair Al

Put the “cause” in "because” with next-generation explainable Al. Alies albias proRiemenc catisal Al Istheselton.

*J) Adaptable Al & Alfor small data

70% of organizations are shifting their focus from big to small data — Causal Al can help.
Causal Al continuously adapts to real-world dynamics.

& Trustworthy Al
(©) Human-centric Al

Trust is the most important but often-overlooked ingredient in successful Al adoption.

Human-plus-Causal Al partnership allows organizations to harness the benefits of Al.
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Causal machine learning (CML) has experienced increasing
popularity in healthcare. Beyond the inherent capabilities of
adding domain knowledge into learning systems, CML



Causal Al Challenges in Healthcare

Modern healthcare data are:
* |nsufficient

Multi-modal (Time-series, Imaging,
HER, Annotations)

High-dimensional
e Often unstructured

Question?
How to acquire the necessary information to
causally reason about treatments and outcomes?




ML in Healthcare

Current ML systems are based on previous correlations in data
- Out of distribution data

- bias over dataset

- Insufficient data

Precision medicine (also known as personalized medicine) need to answer complex queries about
how individuals would respond to interventions.

Question?
How to increase the accuracy of the ML models
for individuals as well as ensure generalization?



Alzheimer’s disease practical example




Modelling the data generation process

age range (years)

naive precision 87.7 91.4
o we w0
e factually augme Lo preq L ws e T Ty
reca” ................................. 915 ............................... 96 5 ..........................................

v" Illustration of how a naively trained classifier (a convolutional neural network on ADNI dataset) fails
when the data generation process and causal structure are not identified.

» Issue: healthy older patients (80-90 years old) are less accurately predicted because ageing itself
causes the brain to have Alzheimer’s-like patterns.

Results:

After training with counterfactually augmented data, the classifier’s precision for the worse performance age
group improved.



Alzheimer’s disease practical example

v Alzheimer’s disease (AD) is a type of cognitive decline that generally appears later in life [6].

Age
v" AD is associated with brain atrophy, i.e. volumetric reduction of grey matter [7]. /
brain
v AD causes the symptom of brain morphology change [6-8]. morphology
v’ Itis well established that atrophy also occurs during normal ageing [7]. \
Alzheimer's

Causal graph

Conclusion:

In this scenario, we can assume that age is a confounder of brain morphology, measured by the MR image,
and AD diagnosis.



+3 years

Alzheimer’s disease practical example

v" To model the effect of having age as a confounder of brain
morphology and AD, conditional generative model has been
applied.

+3 years

v Synthesize images of a patient at different ages and with |
different AD status. baseline

Outcome:

v' By observing qualitatively the difference between the baseline
and synthesized images, we see that ageing and AD have similar
effects on the brain.That is, that both variables change the volume
of brain when intervened on independently.

v This causal knowledge enables the formulation of best strategies
for mitigating data bias(es) and improving generalization
The images with grey background are difference images
obtained by subtracting the synthesized image from the
baseline.



Proposed Model (Conditional GAN)
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Quantitative results and Summary

v" A method has been presented that learns to simulate subject-specific aged images without longitudinal
data. It relies on a Generator to generate the images and a Discriminator that captures the joint distribution
of brain images and clinical variables, i.e. age and health state (AD status). Also, it offers an embedding
mechanism to encode the information of age and health state into our network, and age-modulated and
self-reconstruction losses to preserve subject identity.

v Qualitative results showing that this method is able to generate consistent and realistic images conditioned
on the target age and health state.

Input: x; Output: x, Baseline error: Input: x; Output: x, Baseline error:
(age71) (age 74) 1% — x4l (age 70) (age 74) %0 — x4}

GO ﬂ@f:
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Modelling the data generation process

age range (years)

naive precision 87.7 91.4
o we w0
e factually augme Lo preq L ws e T Ty
reca” ................................. 915 ............................... 96 5 ..........................................

v" Illustration of how a naively trained classifier (a convolutional neural network on ADNI dataset) fails
when the data generation process and causal structure are not identified.

» Issue: healthy older patients (80-90 years old) are less accurately predicted because ageing itself
causes the brain to have Alzheimer’s-like patterns.

Results:

After training with counterfactually augmented data, the classifier’s precision for the worse performance age
group improved.



Individualized Treatment Effect

Our goal is to use machine learning to estimate the effect of a treatment on an individual using static or time-

. .
series observational data. ¢ ioctronic Heakth
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Treatment effect and precision medicine

Difference between individualized and average treatment effect (ITE versus ATE).

E[Y'X; =1] - E[Y’| X, =0] = ATE
o untreated
treated

treated counterfactual

outcome

The ITE for each patient is the difference between actual and the
counterfactual outcome. We show an example counterfactual to feature

highlight that ITE for some patients might differ from the average
(ATE).

Features: (patient characteristics)

Outcome: measure of response to the treatment



Conclusions: ITE and precision medicine

v' The estimation of treatment affect using observational data is subject to confounding as patient
characteristics affect both the selection of treatment and outcome. Causal inference methods need to
mitigate this.

v" Employing causal inference methods to estimate individualized treatment effects, we can understand
which patients benefit from certain medication and which patients do not, thus enabling us to make
personalized treatment recommendations



Conclusion: Causal machine learning for complex data

(Future Research Trends)
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v’ Out-of-distribution generalization with unstructured and high-dimensional data Vmaéles /%(



Graphs

GNN Encoder

Research directions in causal machine learning
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Our Causal Analysis on Affect Dataset
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Causal Reasoning

Effect of COVID on Sleep quality

covid scope_OURA

Increasing the treatment variable(s) [covid] from [@] to [1] causes an increase of -4.1337892753814245 in the expected value
of the outcome [score_OURA], over the data distribution/population represented by the dataset.



Causal Reasoning

Multi-treatment effect on Sleep quality

covi

. O4JRA
3
steps_OURA

HRV_MeanNN V_LF

HRV_ULF HRV_SDNN

pos_avg_Label_Next

Causal Estimate is 4.125814211984448



Causal Reasoning

Multi-treatment effect on distressed %

ressed_Labgl |

" Label N

net_min_inactive_OU

HRV_MeanNN

HRV_TINN

Causal Estimate is 14.94646389251753



Al Needs More Why

Conclusion

» “Causal models have a unique combination of capabilities that could enable a deeper understanding of
complex systems and allow us to better alignh decision systems with society’s values.”
DeepMind

» “Causal inference may be the new frontier as we migrate away from association-based analysis only.”
Swiss Re Institute

» “Causal inference and machine learning have a symbiotic relationship that is growing deeper... We have made
a large investment in Causal Al.”
Netflix Research

28



Questions?

1. What do “Causal Invariant Features” mean?

2. What is Causal Reinforcement Learning area does?
How Causality helps RL?
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Model inputs

Unmeasured Unmeasured
Family income Mother's genetic
during childhood diabetes risk

Collider
Mother had diabetes

J

pos
Low
ducatio

Outcome
Diabetes

Fig. 3 | An example of M-bias. \WWhen estimating the effect of education
level on diabetes risk, mother's history of diabetes could be mistaken as
a confounder and included in a model, but it is a collider by the effect of
history of family income and genetic risk.



Model inputs

Collider
Hospitalization

Biased association when Biased association when
confounder is not included collider is included

Fig. 2 | Examples of confounding bias and collider bias. a,b, Confounding
(@) can occur when there exists a common cause for both exposure and
outcome, while a collider (b) is a common effect of both exposure and
outcome. Not including a confounder or including a collider in a model
results in biased associations.
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