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Tutorial Highlights

D Why statistical Al alone is not enough

Causal Al and causal knowledge graph as a step towards
neuro-symbolic Al? ]

Can ontologies be used as inference for causal
explanations?

Can causal Al enable intervention planning and policy decisions
making?

Can causal inference serve as a bridge between prediction
and decision making?

Causal models as solution to traditional ML for generalizing new
domains? ]



Table of Content

e A primer to causality
e CausalKG: Causal knowledge graph

e Ontology and knowledge based inferences for causal
explanations

e Application of causal Al in web and healthcare use cases



Causal Primer: Ladder of Causation

3. COUNTERFACTUALS, P(y, | X, y’)

ACTIVITY: Imagining, Retrospection, Understanding

QUESTIONS: What if | had done ....? What if | had acted differently? Was it X that caused
Y? What if X had not occurred?

Future Hybrid Al

N

2. INTERVENTION, P(y | do(x), z)

ACTIVITY: Doing, Intervening

QUESTIONS: What if I do ....? What if | do X? What would Y be if | do X?

1. ASSOCIATION, P(y | x)

Current Al Approach ACTIVITY: Seeing, Observing

Association based on the

N QUESTIONS: What if | see....? How would seeing X change my belief in Y?
observational data

Figure: Judea Pearl’s Ladder of Causation




Statistical Explainability

Context Explainability

Domain Explainability

I Ladder of Causatlo ..L
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Rung 1: Seeing

Observational
data
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Rung 2: Doing

T
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Intervention

Associational reasoning
* How would seeing X
change my belief in Y?

Interventional reasoning
For a given context,
What would Y be if | do X?

Rung 3: Imagining

Retrospectlon
Understanding }

— —

>

Counterfactual reasoning
* Was it X that caused y?

Data Representation

Causal Representation using KG

Current Al Approach

>
Future Hybrid Al Approach
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| am a 35-year-old F
who had open-heart
surgery to replace an
aortic valve.
Diagnosed with UTI
when pregnant. /
experienced severe
fatigue and trembling
for two years stressing
about it |  have
flashbacks about
certain events in the
hospital that is
Kaffecting me now.

Reddit Post/Comment

\

/
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| am a 35-year-old
<Woman> who had
open-heart surgery to
replace an aortic
valve. Diagnosed with
UTlI when <Woman>.
| experienced severe
<Anxiety> and
<Anxiety> for two
years stressing about
it. | have <PTSD>
about certain events
in the hospital that is
affecting me now

Knowledge Aware Entity
Masking

TASK: Explain Gender and Mental Health Prediction?
(Q): How is the Post expressing depression , anxiety or PTSD, if so Can we find the gender language?
(A): Concepts fatigue, trembling relate to Anxiety. Concepts ‘F’ and Pregnant relates to Woman.

Active ontology x| Entities | Individuals by class x| Individual Hierarchy Tab x| DL

Data i | Datatypes
Classes | Object properties

O ENT

) General_Anatomic
Hepatobiliary-Pancreas_System
¥ Infectious_Diseases
© Lymphatic/Hemic_System
) Mental_Disorders
Anxiety_Disorders
) Anxiety_Symptoms
Anxious
) Fearful
Generalized_Anxiety_Disorder
@ Panic_Disorder
@ Separation_Anxiety_Disorder
Social_Anxiety_Disorder
 Specific_Phobia
0 Bipolar_Disorders
© Depressive_Disorders
© Eating_Disorders
) Mental_Health_Symptomatology
' Appetite_changes

O Feeling_of_worthlessness
Hallucinations

© Hopelessness

© Poor_concentration

© Self-Injurious_Behaviors

© Sleep_disturbances

¥ Suicidal_Behaviors

) Neurodevelopmental_Disorders

Obsessive_Compulsive_and_Related_Disorders

@ Body_Dysmorphic_Disorder

! Excoriation

) Hoarding_Disorder

© Obsessive_Compulsive_Disorder
Trichotillomania

Individuals

[ENELCTE
Asserted B

SubClass Of (Anonymou

Ontology and Knowledge based inference for Causal Explanation

@ Fatigue

“JAnxiety Disorders

s Ancestor



Ontology and Knowledge based annotations for Complex Causal

Extraction

Sentiment Extraction
Entity Identification Drug Abuse Ontology (DAO)
Pills Ve
Cookies S e Y 83 Classes feel pretty damn good
Smoke 37 Properties feel great
-ve
experlence sucked
33:1 Buprenorphine S
24:1 Loperamide

| was sent home with 5 x 2 mg Suboxones. | also got a bunch of phenobarbital (/ took all 180 mg and it didn't do
shit except make me a walking zombie for 2 days). | waited 24 hours after my last 21 dosé of Suboxone and
tried injecting 4 mg of the bupe. If gave me a bad headache, for hours, and | almost vomited. | could

feel the bupe working but overall the experience sucked.

Jazz Mango
Of course, junkie that | am, | decided to repeat the experiment. Today, after waiting 48 hours after my last bunk 4
mg injection, | injected 2 mg. There wasn't really any rush to speak of, but after 5 minutes I started fo feel pretty
Ca""ab"’”' P damn good. So | injected another 1 mg. That was about half an hour ago. | feel great now.
DIVERSE DATA TYPES Triples
Ontology as inference for analyzing web-based data b Codes Triples (subject-predicate-object)

. . . uboxone use n, negative ce | Suboxone infoction-causs-Cephalalgia
and use the extracted wisdom to inform public , e

health surveillance as insights and actionable items. e Subron vdby cnpstv e _| b i s st e




Application in Web & Health- Suicidality Context Identification

3 Applications in
Tree Paths R i ; R R i
Different Knowledge P(y | z,{6;}) = Z Dy H Z (cos_szm <zsub, q; > > Hi) >0.5 Other Domains
Contexts c1 yEOutcomes i=1Tsub €T
e SR, faee > L@y, {8.3) = P(y] @, (6.} )log(P(y | @, 16.1)+ *  Cooking/Nutition
Cc2 Indication or None (1= P(y | =,{0:})log(1 - P(y | z,{6:})) N thgi%;rgigtmiving
T/ NGE: —
& S 1 Wish to be Dead . Game Playing
. Sy . Ideation 1 2 Non-Specific Active Suicidal Thoughts
rd e 3 Active Suicidal Ideation with Any Methods (Not Plan) without Intent to Act
Bohavior or D (pytorch) kaushikroy@MacBook-Pro-2 PKiL % python3 infer.py )
Attempt 100% | I | 3/3 [00:02<00:00, 1.48it/s]

You entered: i have been there and got nothing same as my life.i have a gun.im not
1.  Learn the parameters that on a ledge or something but i have a gun on my lap.

maximize the likelihood

color coding scheme
Concept Color Codes

= S

NON-SPECIFIC ACTIVE SUICIDAL
/ THOUGHTS

Inference: Behavior or Attempt

2.  Much fewer parameters to learn
and Strongly convex objective

3.  Easily Explained to the End-User

Context: (T), Concept 2 (T), Concept 3 (T) —
Behavior or Attempt

ACTIVE SUICIDAL IDEATION
WITH ANY METHODS (NOT
PLAN) WITHOUT INTENT TO ACT

Future Work:
1. Efficient Re-discovery of Causal Models
2.  Efficient learning methods to modify parameters Rat
3.  Enhancing explanation visuals for the end-user I ACTIFE SUGIOAT IEATION

WITH SOME INTENT TO ACT,

ACTIVE SUICIDAL IDEATION ‘
WITHOUT SPECIFIC PLAN

WITH SPECIFIC PLAN AND
INTENT

https://mentalhealthcpriherokuapp.com scan QR code
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Application in Web & Health- Suicidality Intervention Planning using

Social Media

(a) Tree Paths Representing (b) Columbia Suicide Severity (d) Sentence-Concept Graph
Different Knowledge Rating Scale (CSSRS) Concepts Contexts
Contexts
T S e Gt Wsh o be Dead B A Challenges - Explainable and safety
G2 donorNoe G onspeio A N/ constrained reasoning over medically valid
N N\ Suicidal Thoughts - conce pt S
C3 Ideation 1 ]
g C3: Active Suicidal Ideation )
mEnim uib A tatete (e NSAI - Leverage patterns in the data to
enavior or eation I 10Ul INtei .
Attempt ground symbols in tree paths for use by the
—— y @ planner to plan intervention strategy (search).
$1: 1 don't feel like waking up anymore — (T) 9/ \q gg" \XQ
$2: It wouldn't be the worst thing jfl didn't wake up honestly — (T) c3 c1 c2
ot (1) Ideationt 4 KiNSAI - It is crucial to utilize standardize
1t e ot dga Tl By o (1), Concept 3(1) medical concepts as tree variables and the
§2: Or | could do it with the gun on my lap — (T), 2pt 2 (T), Concept 3 (T) Behavior or Attempt . .
Context: ™, (T), Concept 3 (T) — Behavior or Attempt branching structure accepted by the medical
community.
Ct — @2 No Intervention — c3
4

Eg: Suicidality Intervention using Graph Context



Takeaways

Statistical Al alone is not enough

Causal Al can be used for generating explanations

Causal Al can be used for complex causal pattern
extraction

Causal Al can be used for causal entity associations

Causal Al can be used for intervention planning using web

data in the application area of epidemiology, mental health,
as examples
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