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§c. Probably Approximately Correct Learning

Prob(Test.., > € |Traing., ~0) < |Hle™ "
|Hle™™ <0

|H| : All possible hypothesis for classification
¢ : Minimal mis-classification error
6 : Empirical threshold (e.g. Human Annotation Error)

Valiant, Leslie G. "Robust logics.” Artificial Intelligence 117.2 (2000): 231-253.
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§c. Probably Approximately Correct Learning

Prob(Teste, > €|Traine, ~0) < |H|e™™" }

[ |Hle "™ < 6 }

- - N e )
How do you know that a training set has a Confidence: More Certainty (lower &)

_good domain coverage? ) means more number of samples.

p \ N J

Robust Classifier — Low Generalizability Error )

/Complexity: More complicated
hypothesis (JH|]) means more number
Consistent Classifier — Low Training Error \of samples )

A J
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§Cc. PAC Learning to Knowledge Infusion

True Data D ﬁ D Hypothesis Data
Distribution Distribution

4 N\
M(Dy,{0,1}) =Dy

Existing ML Models:

mmHDX — DXH%‘

4 A

Challenge: M(Dy, Cx) = F(Dy,Cx)

-

Vs

Infusion: M(K(Dy, Cx),{0,1}) = Dx |

- J




gg Algorithmic possibilities and limitations of Al Systems

Knowledge Resources
Ontology
Knowledge Graph
Knowledge Base
Lexicons

e Forms a conceptual framework of
interconnecting sets of domain-

focused concepts and relationships /
e Remove ambiguity and sparsity. me | l =3
e Reduce false alarm. Drug Abuse Ontology

e Concepts (315)
e Relations (31)
e Instances (814)




ISJE{ Context

Patient is a
known case of
non-Hodgkin’s
lymphoma and

undergone three
cycles of
chemotherapy.

Entities extracted from text Cancer
Entities extracted after enriching vocabulary with existing
knowledge bases Is_type_of
. Is_type_of
Non-Hodgking ———

Therapy et Chemotherapy
Fibrotic
Thromboembolism
is_m
Three Cycles

Defect — Interlobar

cause

Lymphoma

reatment cause

Respiratory
problem

Retroperitoneal

Diagnostic_

d
procedure performed_at

Abdominal

Lesion

Of/\

Lungs Liver

Lymph
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§Cc. Example: Depression

| am sick of loss, No way out, )
=== Losses, Losses |want to die
heed w/_ out\ I irp)tlred of.my Iosse,s // I

Depression

4
d
e
e
Phe
-

depress, suicide ideation } suicide ideation, depress Depress, suicide attempt




SC Challenges

3 Challenges ]

-

Abstraction } ‘ Shallow Infusion

Contextualization b

Personalization b Shallow, Semi -Deep, and Deep

-
-

Shallow and Semi -Deep Infusion

Infusion




‘5{2’;‘ Knowledge Infusion -Existing Work

Infusing Knowledge into the Textual Entailment Task
Using Graph Convolutional Networks
A Unified Framework for Knowledge Intensive Gradient Boosting:

Pavan Kapanipathi', Veronika Thost'1, Siva Sankalp Patel’, Spencer Whitehead®,
Ibrahim Abdelaziz', Avinash Balakrishnan', Maria Chang', Kshitij Fadnis’, Chulaka
Leveraging Human Experts for Noisy Sparse Domains
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Harsha Kokel,' Phillip Odom,” Shuo Yang,® Sriraam Natarajan'
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hkokel @utdallas.edu, phodom @ gatech.edu, Shuoyang @ linkedin.com, Sriraam.Natarajan @ utdallas.edu .
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Knowledge-aware Assessment of Severity of Suicide Risk for Autonomous Driving Data

Early Intervention

Manas Gaur

Cory Henson!, Stefan Schmid', Tuan Tran’, Antonios Karatzoglou®
Amanuel Alambo Joy Prakash Sain ]
Knoesis Center Knoesis Center Knoesis Center R (“mjpora(c Research, Robert Bosch GmbH
Dayton, Ohio Dayton, Ohio Dayton, Ohio * Chassis Systems Control, Robert Bosch GmbH
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Ugur Kursuncu Krishnaprasad Thirunarayan Ramakanth Kavuluru
Knoesis Center Knoesis Center University of Kentucky . .
Dayton, Ohio Dayton, Ohio Lexington, Kentucky KnOWIEdge In.fused Learnmg (I{. IL) * .
ugur@knoesis.org tkprasad@knoesis.org ramakanth kavuluru@uky.edu Towards Deep Incorporatlon of K“OW]edge m Deep Leal‘nmg
Amit Sheth Randon 8. Welton Jyotishman Pathak Ugur Kursuncu*, Manas Gaur* and Amit Sheth
Knoesis Center Department of Psychiatry Cornell University Al Institute, University of South Carolina
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§C. Summarization: Hybrid Approach

Summary using Pretrained Model Summary using AS Summary using PHQXAS
. .. Participant was asked: What do you do when they are annoying
< unk > depends on what it is Participant was asked: what do they do Participant said: She stop talking
< unk > told to give me a example when they are annoying until they stop Participant was asked: can you explain with example
< unk > calls for Participant said: that they stop talking gal‘tii‘flmnt said: Y;’:ih Wi bt e e £l 1
< unk > yes says Participant was asked: when was the Part{cgpant wa.ns‘a‘s ec_i‘ ‘ nen was the last time they felt happy
. articipant said: awhile ago
< unk > with depression last time they felt really happy Participant was asked: what got them to seek help
< unk > we had been Participant said: a year while ago Participant said: they are still depressed
< unk > told to seek help Participant was asked: How long ago Pnrtfqpant was asked: Tell me more about that
hev di d depression Participant said: yeah
WET e_t _ey 1agrfose epre ) Participant was asked: do they feel like therapy useful
Participant said: they are still depressed. Participant said: oh yeah definitely
Participant was asked: how long ago were they diagnosed depression
Participant said: a year ago
Abstractive
BERT Summarization using Abstractive Summarization
Integer Linear using ILP and PHQ-9

Programming (ILP)

Statistical + Constraints

Statistical Statistical + Constraints
+ Knowledge
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§c. Personalized Health Knowledge Graph

bronchiectasis -an irreversible lung disease
bronchiectasis is a disease state defined by
localized, irreversible dilation of part of | [ bronchiectasis »-an irreversible lung disease bronchiectasis is a

the bronchial tree. it is classified as an - ; : :
obstructive  lung  disease, along with dlSEdbe*bLatE defined by localized,

emphysema, bronchitis and cystic fibrosis. I is instance of

asthmatic bronchitis E .......... I

, irreversible dilation af part of the bronchial tree. it _is
Entity Identification . . . .
and Relation Extraction | Classified as an obstrctive lung disease, along with(emphysema,

from Readit Post bronchitis jand cystic fibrosis.
: Py : A
/ i Re;s:on Entity (E2) \ I I * has_instance
|

>

I ‘s )
{ e Fi P 1 [ T, Inplicit Relation
cystic fibrosis == - -
Bronchitis ilvlf'\ul ! Is_instance_of Explicit Relation

: bronchiectasis
Bronchiectasis ICD'10 -

I, Entity Pairs: Entity Pairs: {bronchitis Entity Pairs: {bronchitis
(g [—}m,.gmtal {bronchiectasis (E1), (E1), cystic fibrosis i
bronchiectasis cystic fibrosis (E2)} (E2)} i
\ \ / E1 Type: {disorder} E1 Type: {disorder} EL Type: {disorder}

E2 Type: {morphologic
abnormality}
Relation Type:{has_instance}

E2 Type: {disorder} E2 Type: {disorder}
Relation Type: Relation Type:
{is_instance of} {is_instance_of}

Contextualization
using Subgraph of
Reddit Post

Gyrard, A., Gaur, M., Shekarpour, S., Thirunarayan, K., & Sheth, A. (2018). Personalized Health Knowledge GraphSIWC 2018 Contextualized Knowledge
Graph Workshop



‘S{?;‘ Knowledge Incorporation in ML
{ Forcing Methods ] [ Neural Attention Models ] ( Knowledge-based Models ] \

Teacher Forcing Neural Self-Attention Knowledge-based LSTMs
Knowledge: the input Knowledge: Weighted Knowledge: External knowledge base
word embedding to the average of different Learning: Each LSTM cell is augmented
model. sequences of a sentence with a Knowledge module which &
Learning: Encoding and Leamning: correlation triggered based on attention probability
Decoding, where the between cument word and acting as sentinel to attend or ignore
knowledge is given as previous part of sentence in background knowledge.
input at the dgcoding anLSTM
stage.
2016 2018
1988 2017
.
Professor Forcing Knowledge-guided Neural Knowledge-based GANs
Knowledge: word vectors of the Attention Know_led_ge:groundtruth sentences
input ) Leamlng._Thc_Jugh generative models
Léamilng: Generati Knowledge: The dependency are effective in capturing knowledge
arning: Lol L parsetree ofthe sentence through min-max loss, leveraging
Adversarial ~Network based Learning: joint leaming in RNN ialized | i d truth
leaming using encoder and specialized losses using ground tru

with structural linguistic proj gl
decoder. g property knowledge propel generality in model.
and sentence sequence.

Hu, Zhiting, et al. "Deep generative models with learnable knowledge constraints." Advances in Neural Information Processing Systems2018.




‘S{E’;‘ Knowledge Incorporation in ML

< ML D ML
-q M0, N, a,m) » Kn(;rv?/::elfjge » M(d. A a,m) » Kn(;rv?/::elfjge

Dataset Dataset

ennch l F(attention, E, £;) [ l L; l

Similarity
; attpntmn x exp(EWL;) based
Hypothesis /»/ St
‘ testing or verification
similarity-based I
verification

Self-aware or

External Knowledge Self-aware or

External Knowledge

Shallow Infusion

Semi-Deep Infusion
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SC.

...................

Suicide Risk | Number of Sample Medical Phrases
Class Entities
Suicide 1472 Severe mood disorder with http://bit.ly/lexicons_suicide _severity
Indicator psychotic feature; Severe major [ Suicide by Hanging }
depression; .
Family history of suicide; Sedative [SNOKMERIP: 28120007
( - . )
Suicide 409 Bipolar affective disorder; Borderline <child of> Suicide
Ideation Personality; Depressive conduct . [SNOMED 1D:44301001]
disorder; Sexual maturation
. ( —_
disorder <sibling of> Drug Overdose
Suicide 145 Suicidal behavior; Intentional self - N [SNOMED 1D:274228002]
Behavior harm; Incomplete attempt; p <
Threatening suicide <sibling of> Personal history
— — of self-harm [ICD-10 ID: Z91.5]
Suicide 123 Attempt actual suicide; Attempt ~
Attempt physical damage; Intensive care; /<sibling of> Severe depressive
Second-degree burns . .
episode psychotic symptoms
_[ICD-10 ID: F32.3]



http://bit.ly/lexicons_suicide_severity

ISJE{ Contextualization

/ \ ﬁa ving a plan for my own
suicide has been a long time

. . relief for me as well. | more often
| dont think Ive thought about it than not wish | were dead.

every day of my entire “fe'.l | dont think Ive thought about it
have for a good portion of it, everv dav of mv entire life. |
however, my boyfriend may be y day y :

able to determine whether I'm have fora good portion of i,
is ti however, my boyfriend may be
worth his time

able to determine whether I’'m
K / worth his time /

Outcome : Suicide Indication

Outcome : Suicidal Ideation
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SC. Contextualization & Abstraction

Content Similarity Matrix

Ci, = A(K, Ci. Language Model —;‘
»/ Cum ARG [» (LDA, BERT) = =
¥
II/ SNOMED h1 \\i f“' ?)‘
ICD 1 e 1t P (}Cv lf:t)

dataé'ﬁflED

1
l\\ Medical Knowledge Bases ,,'

I.p - Clustered content of the user
based on threshold on similarity

Ci, : Content of a user “u” from timestamp 1 to t
K : Knowledge Base/Graph
A : Content Abstraction Module



g%c Personalization

... refers to future course of Without With
action by taking into account the Contextualized Personalization | Contextualized Personalizati
contextual factors such as

user’s health history, physical

C

Hey! How's the weather today? Hey! How's the weather today?

.. . It is currently 65 degree. You can Itis currently 65 degree. You can
characteristics , envir onmental expect sunny weather all day with exl_l':geﬁt f;u7nznv v';eatlher aLI ggv with
. . . i angno ana a low o
factors, activity, and lifestyle. o1 72 andaowere0 degree.

Can | play outside? Can | play outside?

Cognitive Services and Intelligent Chatbots:
Current Perspectives and Special Issue

Sure. Looks like the ragweed pollen level

; today remains in the low range.

Introduction g 9
Enjoy your day! . .
10y Y Y You would not likely experience

Amit Sheth Arun Iyengar
Wright State University IBM TJ Watson any symptoms, but do take your
Hong Yung Yip Paul Tepper puffer along.
Wright State University Muance Communications

Enjoy your day!

Chatbot with contextualized (asthma) knowledge is
potentially more personalized and engaging. '



ISJE{ Case Study - Mental Health

Let Me Tell You About Your Mental Health! :
Contextualized Classification of Reddit Posts to
DSM-5

Gaur, Manas, Ugur Kursuncu, Amanuel Alambo, Amit Sheth, Raminta Daniulaityte, Krishnaprasad Thirunarayan, and Jyotishman Patk. "Let me
tell you about your mental health!: Contextualized classification of reddit posts to dsm -5 for web-based intervention." In Proceedings of the 27th
ACM International Conference on Information and Knowledge Managemenpp. 753-762. ACM, 2018.
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SC. Problem

ly dia? é

you aver wish you would ace
I am still alive thanks to this subreddit
Help. ['m gotting depressed.. sl

( Social Anxiety and Therapeutic Pessimism | [ Clinical data is time-limited |
( Patient: Poor Recall Rate | 0 [ Data is short and not categorized |
( Clinician:Poor understanding of patient behavior | @ [ Data is long and categorized |
: Poor long lasting patient-doctor relationship [ Reddit categorization does not overlap with
Clinician )




SC Problem

e Can social media data assist Mental Health
Professionals in psychiatric diagnosis, prevention
and early intervention ?

e Map Subreddits to Diagnostic Statistical Manual for
Mental Health (DSM-5) ?



g% Problem

r/Anxiety

4 Posted by ufzelis42 1 month ago COMMUNITY DETAILS

30 hall . 1 H - - 2
A challenge Day 1: What's the Best Thing About Having Anxiety? @ +/Anxiety

M 86 Comments # Share = 176k 486

Subscribers Online

What are your thoughts? Log in or Sign up | LOG IN | m Discussion and support for sufferers and

loved ones of any anxiety disorder. A more
detailed list of anxiety disorder sub-types is

SORTBY BEST w Maln POSt in our **[wiki]

(https:/Awww.reddit.com/rfanxiety/wiki/anxi
cultOfLuna Perks of Being a Wallflower 104 points - 1 month ago ety_subtypes)**
I honestly think it's made me a lot more conscious about saying wrong or offensive things to people, not to mention
improving my level of empathy ten-fold

4 Dontbemelancholy Perks of Being a Wallflower
¥ 100% what [ was that thinking!

Share Save R/ANXIETY RULES

{ ronith ago Com ment 1.Be Supportive
4+
+

¥ryptical Perks of Being a Wallflower & points -
exactly what i was going to comment! :) 2.No advertising or self-promotion

Share Save .
3.5eek approval before posting

surveys/studies

arcticmenkeyhird Perks of Being a Wallfle points - 1 month ago
Absolutely ! 4.Art must be attributed
Share Save

boot_daddy Perks of Being a Wallflower S points th £ R e p Iy

Yes.... holy shit

5.Ensure your post is relevant
6.No medical advice

Share Save




S¢. Examples

Post fromBjpolar Subreddit:

(i

~

know you want me to sayno and that it is a part of

me blah blah blah . But I can't. Honestly, not having DSM-5 Chapter:

bipolar disorder would be a huge blessing. | would

be so much happier and could control my life ‘[DepressiveDisorders ]
better. I wouldn't have frantic, scattered thoughts

and depression .| would be normal, happy, and less

dramatic.
\ %

Post fromSuicidewatch Subreddit:
Upon additional research, zolpidem (ambien) has a
half-life of 2-3 hours, and so if he’s still awake, he’s . . _ _
Suicidal Behavior/ldeation Disorders

DSM-5 Chapter:

either got a massive tolerance for this stuff or he’s
really trolling.

- J




S¢  Dataset

2005-2016 N 2005 -2016

550K Users 270K Users
( Only Authors of
Main Posts)

3 Million

8 Million Conversation ) )
- tions Conversations (Main
Posts Only)

o O
15 Mental Health 15 Mental Health
Subreddits Subreddits
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Dataset

May 4,2019

Reddit C-SSRS Suicide Dataset

Gaur, Manas; Alambo, Amanuel; Sain, Joy Prakash; Kurscuncu, Ugur; Thirunarayan, Krishnaprasad; Kavuluru, Ramakanth;
Sheth, Amit; Welton, Randon; Pathak, Jyotishman

Knowledge-aware Assessment of Severity of Suicide Risk for Early Intervention

Mental health illness such as depression is a significant risk factor for suicide ideation, behaviors, and attempts. A report by
Substance Abuse and Mental Health Services Administration (SAMHSA) shows that 80% of the patients suffering from
Borderline Personality Disorder (BPD) have suicidal behavior, 5-10% of whom commit suicide. While multiple initiatives have
been developed and implemented for suicide prevention, a key challenge has been the social stigma associated with
mental disorders, which deters patients from seeking help or sharing their experiences directly with others including
clinicians. This is particularly true for teenagers and younger adults where suicide is the second highest cause of death in
the US Prior research involving surveys and guestionnaires (e.g. PHQ-9) for suicide risk prediction failed to provide a
quantitative assessment of risk that informed timely clinical decision-making for intervention. Our interdisciplinary study
concerns the use of Reddit as an unobtrusive data source for gleaning information about suicidal tendencies and other
related mental health conditions afflicting depressed users. We provide details of our learning framework that incorporates
domain-specific knowledge to predict the severity of suicide risk for an individual. Our approach involves developing a
suicide risk severity lexicon using medical knowledge bases and suicide ontology to detect cues relevant to suicidal
thoughts and actions. We also use language modeling, medical entity recognition, and normalization and negation
detection to create a dataset of 2181 redditors that have discussed or implied suicidal ideation, behavior, or attempt. Given
the importance of clinical knowledge, our gold standard dataset of 500 redditors (out of 2181) was developed by four
practicing psychiatrists following the guidelines outlined in Columbia.Suicide Severity Rating Scale (C-SSRS), with the
pairwise annotator agreement of 0.79 and group-wise agreement of 0.73. Compared to the existing four-label classification
scheme (no risk, low risk, moderate risk, and high risk), our proposed C-SSRS-based 5-label classification scheme
distinguishes people who are supportive, from those who show different severity of suicidal tendency. Our 5-label
classification scheme outperforms the state-of-the-art schemes by improving the graded recall by 4.2% and reducing the
perceived risk measure by 12.5%. Convolutional neural network (CNN) provided the best performance in our scheme due to
the discriminative features and use of domain-specific knowledge resources, in comparison to SVM-L that has been used
in the state-of-the-art tools over similar dataset

Preview v

190 149

@ views & downloads

See more details...

Tweeted by 5

See more details

Indexed in

OpenAlRE

Publication date:
May 4,2019
DOI:

DOI 10.5281/zenodo.2667859

Keyword(s):
Surveillance and Behavior Monitoring; Reddit; Mental Health;
Suicide Risk Assessment; C-SSRS; Medical Knowledge Bases;
Perceived Risk Measure; Semantic Social Computing
Meeting:
The World Wide Web Conference



g‘(”; Reddit to DSM-5 Mapping

_____________

{ = Y — LDA |

Norrln_ﬁtlized » { <Reddit Post>
Soore <DSM-5 Label>

Output

<Reddit Post> , .
<Subreddit Label> i LDAover

. Input °)  \\.Bigams |
_____________________ \ ——

" SNOMEDCT

h
e

ICD-105 | | e
i -~ | . _DAo |
' data@MED : ' Drug Abuse |

Ontology ,:

1 1
', Medical Knowledge Bases .
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Reddit to DSM-5 Mapping

ADD 032 013 0.22 0.22 016 016 020 013 022 013 029 036 020 0.130.19 0.17 0.16 0.14

AN)(O.13 0.09 0.09 0.08 039 0.13 0.09 0.100.45 0.09 0.20 0‘45 0.10 0.11 0.13

ASP 041 0.18 043 0.25 032 014 023 0.18 0,250.32 0.36 025 0.18 034 0.30 0.21 0.14 0.18

AUT 0.45 0.40 0.43 0.39 043 0.40 0.49 Wil 0.49 0.49 0.39 0.40

5 [ e

0.30 050 052 0.52 038

BPD
0.47 0.45
0.22 041 0.41 035 0.26 0.40 0.32

0.25

0.39 0.39

CRP 0.50 0.36 0.45 0.36

OPT 0.36 0.36 045 0.36 0.36 0.45 L¥ER 0.36 MO,BE 0.45 0‘45 0.36

AL

-F 0.36 0.45

Mental Health Related Reddits
o
°
0
o
B
(=]

0.36 050 0.36

e [ O e O ) o D 5 o

e 0 0 o o e S ) e e

0.20

0.13

0.18

0.36

£ ) O e 1

0.53

AXD BRD DICD DPD DSD ELD FED GND NCD NDD OCD PND PRD PSD SAD SBI SCS SWD SXD TsD

DSM-5 Catgories

0.8

0.6



g‘é Mapping Example

Subreddlits DSM-5 Chapter
BiPolar
BiPolarReddit
Depression Disorder ]
BiPolarSOS
Depression
Addiction

Crippling Alcoholism

Substance use & Addictive Disorder

Opiates Recovery
Opiates ]

Self-Harm

Stop Self-Harm




ISJE’; Architecture

Reddit with Word / _____________________ \ \ 7 DsMs )
DSM-5 labels - Embedding » | Correlation Matrix i » . Vocabulary
Model - | ' Matrix '

' (Q)over word vectors RO ‘ ___________ /!

/ \ el . Word -modulated
Q ( Cross Correlation Word
» = Matrix (Z) SEDO \ Embeddings j

Medical DSM-5 Lexicon . between word » Optimize
Knowledge Bases . vectors and DSM-5 | P.Q&Z : B

. Lexicon or DAO

T \ DSM-5
» » f gac;rrelatlon Matrix E J Classification
‘?ﬁ .! I ! !
Domain | overDSM-5Lexicon | WP [ | - f __________
k Experts j \p_r__D_A_O_ ----------------- 2 / Linguistic

Features

A P

SEDO Semantic Encoding and Decoding Optimization. It is a
procedure to modulate word embedding (vectors) of a word.




ISJE{ Semantic Encoding and Decoding Optimization

(We introduce SEDO as an approach for obtaining a )
discriminative weight matrix between the DSM-5 lexicon

_and Reddit embedding space )

e A
Infused knowledge in DSM-5-DAO to the classification
process utilizing SEDO.

- y,

( SEDO modulates the embeddings of each word in the )
Reddit content of the user based on proximity of the

_ word to DSM-5 category. )

( Cross Correlation

i Matrix (2)

' between word

' vectors and DSM-5
. Lexicon or DAO

- (P)

» Optimize

[ Correlation Matrix

' over DSM-5 i
Q.—.QX[QQU_Q!_PAQ___J

SEDO

P,Q&Z




‘S{?;‘ Semantic Encoding and Decoding Optimization

Reddit Word DSM-';? -DAO
Embedding Model Lexicon

20 DSM-5

12808 W < Categories
Words

D
R A 4 A 4
\ ) \ J
: : : |
300 dimension embedding  d(E(R, D)) 300 dimension embedding
d(W)
E(R,D) = minw{||R— WTD|% + 8§||WR - D||2} —— (DD")W + W(SRRT) = (1+8)DRT;0<d < 1
\ J
|

Solvable Sylvester Equation



ISJ?:C Reduction in False Alarm

Decreasing
: ; . False Alarm

Rate

Domain-specific
Knowledge lowers
False Alarm Rates.

DSM-5+DAC
Ontology

(
(o
%~

- |
Lexical and Lexical, Lexical, Contextual Contextual Contextual features
Syntactic Syntactic, Syntactic, features features weighted by
Features TF-IDF TF-IDF, weighted by weighted by DAQ+DSM-5 with
Features Contextual DSM-5 DAO+DSM-5 Slang Terms
Features Knowledge Knowledge Knowledge
Hierarchy Hierarchy Hierarchy
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