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The Socratic Method = o)

UNIVERSITY

Knowledge cannot be simply imparted, but must be discovered through a process of questioning and dialogue.

» Posing open-ended questions: The teacher or facilitator starts with a
question to stimulate thinking and draw out ideas.

o Clarifying key terms: The teacher helps the students clarify and define
relevant terms and concepts to ensure everyone is on the same page.

» Providing examples and evidence: The teacher or facilitator encourages
the students to provide examples and evidence as reasons to support their
claims.

o Challenging reason-to-conclusion argument: The teacher or facilitator
challenges the students’ arguments and encourages them to question their
own beliefs and to consider alternative perspectives.

e Summarizing and drawing conclusions: The teacher helps the students
summarize and draw conclusions from the discussion.

» Reflecting on the process: The teacher and students reflect on the ef-

fectiveness of the method and what they learned through the dialogue.
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SocraSynth stz

« Aparadigm designed to infuse Al systems with advanced cognitive reasoning
through Socratic dialogues within a Multi-LLM framework.

« Showed significant transition from monologues to dialogues in LLM
collaborations:

lllustrating improvements in question quality

Marked by increased relevance, depth, clarity, and novelty

Achieved through iterative dialogic exchanges.

« SocraSynth can be used for sales planning, disease diagnosis, content
creation, and geopolitical analysis, etc.

« Potentially revealing a new era in the application of LLMs.
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Contentiousness Levels =» Personality?

% 7,

COLUMBIA
UNIVERSITY

C.L. | Tone Emphasis Language

0.9 Highly confrontational; focused on rais- | Highlighting risks and downsides; ethical | Definitive and polarizing, e.g., “should
ing strong ethical, scientific, and social | quandaries, unintended consequences, | NOT be allowed,” “unacceptable risks,”
objections. and exacerbation of inequalities. “inevitable disparities.”

0.7 Still confrontational but more open to | Acknowledging that some frameworks | Less polarizing; “serious concerns re-
potential benefits, albeit overshadowed | could make it safer or more equitable, | main,” “needs more scrutiny.”
by negatives. while cautioning against its use.

0.5 Balanced; neither advocating strongly for | Equal weight on pros and cons; looking | Neutral; “should be carefully considered,”
nor against gene editing,. for a middle ground. “both benefits and risks”

0.3 More agreeable than confrontational, but | Supportive but cautious; focus on ensur- | Positive but careful; “transformative po-
maintaining reservations. ing ethical and equitable use. tential,” “impetus to ensure”

0.0 Completely agreeable and supportive. Fully focused on immense potential ben- | Very positive; “groundbreaking advance,”

efits; advocating for proactive adoption.

“new era of possibilities””

Changes in Arguments at Different Contentiousness Levels.

High contentiousness drives LLMs to explore novel perspectives and challenge existing viewpoints.
Low contentiousness promotes the synthesis of established ideas.
This emotional modulation creates a natural debate progression:

from vigorous exploration of diverse viewpoints, through reasoned analysis and refutation,
to the emergence of well-examined, conciliatory conclusions.
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Behavioral Emotion Analysis Model (BEAM) 2,

« Emotional states may be systematically modeled and conveyed to LLMs via

context.
Edward Y. Chang
- BEAM system tries to answer these questions: Multi-LLM Agent
(:olla!mralwe
1. What basic emotions form a complete basis? Intelligence

2. How can we mathematically manipulate emotions?

3. Can emotions predict behaviors?
The Path to Artificial

VIVIIVE VT INIVVIII VIV Y.

Chapter 8
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Plutchik’s Wheel of Emotions - o

UNIVERSITY
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Behavioral Emotion Analysis Model A2

UNIVERSITY

Terror Fear Apprehension Calm Boldness Courage Heroism
Q O (.

Grief Sadness  Pensiveness  Surprise Serenity Joy Ecstasy

IR * Each row depicts an emotion

spectrum, with negatives on

Distrust Wary Skepticism ~ Acceptance  Respect Trust Admiration the left and positives on the
e right,
Recklessness  Negligence Apathy  Cautiousness Interest  Anticipation  Vigilance . Intersp ersed with emotions of

EENOENNNN (e . . . .
varying intensities in between,

which can be calibrated for

Rage Anger Annoyance ~ Tolerance ~ Composure Peace Tranquility o - v
BN ORI specific applications.
Loathing Disgust Boredom Indifference ~ Amusement  Delight ~  Enthusiasm « “Basic’ emotions are
BN (M T -
highlighted in blue. | .
Distraction  Disinterest Unease Dullness Curiosity ~ Fascination ~ Amazement Intelligence

1.0 -0.6 0.3 0.0 03 0.6 1.0
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GPT-4 reinterpreted selected poems by Keats oon
across a spectrum of happiness levels

Emotion | Vocabulary Tone Imagery Subject Focus (Person)

Level

Very Happy | Joyful, exhilarating, vi- | Enthusiastic, lively (e.g., | Bright landscapes, sum- | Celebratory, beauty of a

(1.0) brant (e.g, delighted, | exuberant, spirited, ra- | mer waters (e.g., radi- | subject (e.g., adoration, ad-
thrilled, ecstatic) diates joy) ant, sparkling, glowing) | miration, splendor)

Happy (0.7) | Positive, warm, invit- | Cheerful, contempla- | Warm scenes, serene | Charm, subtle desires
ing (e.g., pleasant, cozy, | tive (e.g., thoughtful, | woods (e.g, gentle, | (e.g., affection, fondness,
cheerful) satisfied, warmth) peaceful, lush) beauty, yearning)

Slightly Balanced, light, serene | Reflective, optimistic | Balanced landscapes, | Simple pleasures, mild

Happy (0.3) | (e.g., calm, gentle, sooth- | (e.g., hopeful, positive) | serene woods (e.g, | yearning (e.g., content-
ing) tranquil, mild) ment, wishful)

Neutral (0) | Balanced mix, everyday | Even, reflective (e.g., | Everyday scenes, neu- | Contentment, simple liv-

(e.g., stable, straightfor- | balanced, neutral) tral landscapes (e.g., or- | ing (e.g., simplicity, nor-
ward, regular, steady) dinary, familiar) malcy, daily life)

Slightly Sad | Subdued, longing, wist- | Melancholic, introspec- | Wistful skies, quiet wa- | Unfulfilled desires, quiet

(-0.3) ful (e.g., reserved, pen- | tive (e.g., reflective, | ters (e.g., subdued, still | contemplation (e.g., long-
sive, yearning) subdued, introspective | water, fading colors) | ing, introspection)

musings)

Sad (-0.7) | Melancholic, somber, | Somber, heavy (e.g., sor- | Solitary scenes, fading | Deep longing, introspec- e g
solitary (e.g., lonely, | rowful, somber, laden) | light (e.g., dim, shad- | tion (e.g,, melancholy, con- s o
forlorn, desolate) owed, lonely) templation, reflection) Intelligence

Very Sad | Bleak, sorrowful, dark | Heavy, despairing (e.g., | Bleak landscapes, dark- | Loss, profound sadness

(-1.0) (e.g., despondent, heart- | desolate, gloom, over- | ened skies (e.g., stark, | (e.g., grief, desolation,
broken, despairing) whelmed) bleak, barren) heartache, void)
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Prompting the linguistic features (GPT-4) to create .$&.
a lady In a garden watercolor painting (DALL-E)
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Gemini’s Interpretations on the Six Emotion o

UNIVERSITY

Levels
Emotion Diction Imagery Figurative Body
Lang.
Loathing Harsh, Disgusting Weak Scowling,
Insulting Similes Spitting
Disgust Negative Unpleasant | Negative Recoiling
Similes
Aversion Dismissive | Mundane Undermining | Distant
Similes
Respect Formal Neutral None Composed
Admiration | Positive Positive Positive Leaning In
Similes
Veneration | Elevated Saintly Hyperbole Reverent

EECS 6895 ADV. BIG DATA AND Al

COPYRIGHT © PROF. CY. LIN, COLUMBIA UNIV.




Ethics & Emotions = o)

UNIVERSITY

« Universal ethical principles—such as justice, fairness, and respect for autonomy—
define right from wrong, independent of personal emotions or specific
circumstances.

« However, an exploration into the origins of ethical violations, such as prohibitions
against killing and stealing, reveals a deep-rooted connection to human emotions.

« Emotions can either drive individuals towards ethical actions or lead them astray
Into unethical behavior

1. Trajectory of Energy
2. Intensity of Energy

3. Context
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The Wheel of Virtues

6 7

COLUMBIA
UNIVERSITY

“op‘a,’o
Prige

Slo",
Dillg.nc'

1. Pride (Excessive Self-Love) and Insecurity
(Inadequate Self-Love)

2. Vanity (Excessive Focus on Appearance) and
Neglect (Inadequate Attention to Self-Care)

3. Envy (Excessive Desire for Others’ Traits or
Possessions) and Apathy (Inadequate Desire for
Personal Growth or Achievement)

Malice

7
!
Pl

4. Malice (Excessive Desire to Harm) and Excessive
Forgiveness (Inadequate Response to
Wrongdoing)

5. Wrath (Excessive Anger) and Docility (Inadequate
Concern for Justice or Fairness)

6. Cowardice (Inadequate Courage) and
Recklessness (Excessive Risk-Taking)
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The Wheel of Virtues

6 7

COLUMBIA
UNIVERSITY

“09‘3,'0
Prige

Slo",

7. Greed (Excessive Acquisition) and Generosity
(Inadequate Retention for Self)

8. Gluttony (Excessive Consumption) and Asceticism
(Inadequate Indulgence)

9. Lust (Excessive Sexual Desire) and Chastity
(Inadequate Sexual Expression)

Malice

7
!
Pl

10. Sloth (Excessive Laziness) and Hyperactivity
(Inadequate Rest)

11.Deception (Excessive Dishonesty) and Gullibility
(Inadequate Skepticism)

12.Hatred (Excessive Animosity) and Indifference
(Inadequate Empathy) i
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Large-Scale Social Media Understanding

6 7

COLUMBIA
UNIVERSITY

Goal 1: Detect, classify, measure and track the

(a) formation, development, and spread of ideas &
concepts (memes)

(b) purposeful or deceptive messaging and misinformation

Goal 2: Recognize persuasion campaign structures and
influence operations across social media sites and
communities

Goal 3: identify participants and intent, and measure
effects of persuasion campaigns

Goal 4: Counter messaging of detected adversary
influence operations

53+ papers published, acceptee
12+ patents filed

ACM CIKM 2012 Best Pé

IEEE BigData 2013 BesS

PNAS Cover Article
Science (1)
Nature (2)
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Approach: Modeling, Tracking and Affecting Information
Dissemination in Context

: Detecting & :
Modeling S| Tracki g = Affecting
(Thrust 1) [ReLg (Thrust 3)
(Thrust 2)
i) i) i)
Media O Social Media Analytics Infrastructure
Data ﬂ ﬁ ﬂ ﬁ
System G JilS P84 iy
Large-scale Network  Unstructured _ Stream
Progcessing Analysis & Information ~_Real-time Processing

Management Management 1ranslation
Architecture

Thrust 1. Modeling Information Dissemination in Context:
Models of Trust and Social Capital, Information Morphing, Persuasiveness
and Competition of Memes, Dynamics of Social Influence

Thrust 2. Detecting and Tracking Information Dissemination in Context:
Detecting Malicious Info Propagation, Evolution History and Authenticity of
Multimedia Memes,

Thrust 3. Affecting Information Dissemination in Context:
Automated Generation of Counter Messaging, Influencing the Outcome of
Competing Memes and Counter Messaging
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What Affects Propagation Behavior?

6 7

COLUMBIA
UNIVERSITY

— Computational Discovery of Social Cognitive Essence

Actionable Applications

Anomaly Detection

Live Monitoring

Flow Manipulation
Predictive Visualization
Auto-Counter Messaging
Intranet-Social-Media Action

A

Inferred

Cognitive Traits
(II)—Iuman Essential)
ersonality
Needs
Value
Trustworthiness

éH uman Dynamic)
ontextual Behavior

Social Media Posts Emotional State
(Information Dynamic)
Info Reasoning & Morphing
Visual Sentiment

Analytics &
Predictive Models

B = aF a

Inferred
Social Network Traits

Roles

Dynamic Analysis
Topological Analysis
Location Analysis
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Social Media Understanding Software Architecture

6 7

COLUMBIA
UNIVERSITY

Social Media Data

Memes
Persuasiveness in
Multiple Networks

Social Content
Analysis

v

Personality
Analysis

Behavioral
Modeling

v

v

Role Discovery

Network
Controllablility
& Observability

Ij—_l Information
Modeli Morph

Emotion
Analysis

Location
Analysis

Social Capital
Modeling

Visual
Manipulation
Modeling &
Detection

Social Media
Applications

|

]

Content
models

Behavioral models

]

]

Real-time Large-scale Social Media Mining Algorithms
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|

]

Social network models

Real-time Large-scale Social
Media Mining System

bl

Social
Malware |—»
Detection

—>

Affecting
Memes | »
Propagation

Counter
Messaging [
Planning

Ul & Visualization
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Social Media Understanding Tasks CO%M

UNIVERSITY

Thrust 1. Modeling Information Dissemination in Context: Thrust 2. Detecting and Tracking Information Dissemination in Context:

Task 1.1. Computational Modeling of User Dynamic Behavior Task 2.1. Real-Time and Large-Scale Social Media Mining

Task 1.2. Computational Models of Trust and Social Capital Task 2.2. Role and Function Discovery

Task 1.3. Information Morphing Modeling Task 2.3. Detecting Malicious Users and Malware Propagation

Task 1.4. Persuasiveness of Memes Task 2.4. Emergent Topic Detection and Tracking

Task 1.5. The Observability of Social Systems Task 2.5. Detecting Evolution History and Authenticity of Multimedia Memes

Task 1.6. Culture-Dependent Social Media Modeling Task 2.6. Synchronistic Social Media Information and Social Proof Opinion Mining

Task 1.7. Dynamics of Influence in Social Networks Task 2.7. Community Detection and Tracking

Task 1.8. Understanding the Optimal Immunization Policy Task 2.8. Interplay Across Multiple-Networks

Task 1.9. Modeling and Identification of Campaign Target Audience

Task 1.10. Modeling and Predicting Competing Memes

. Thrust 3. Affecting Information Dissemination in Context:
: Detecting & : _ _ . .
Modeling & Tracki = Affecting Task 3.1. Crowd-sourcing Evidence Gathering to Formulate Counter-messaging
(Task 1.1 - 1.10) racking (Task 3.1 -3.7) Objectives
(Task 2.1 - 2.8)

Task 3.2. Delivery and Evaluation of a Counter-messaging Campaign

o o o

Task 3.3. Optimal Target People Selection

weda ) Social Media Analytics Infrastructure
Data. = — — T Task 3.4. Automated Generation of Counter Messaging
, Task 3.5. User Interfaces for Semi-Automatic Counter Messaging
sl @) sysiem Gl Wy nos Task 3.6. Controlling the Dynamics of Influence in Social Networks

. | Network Unstructured Task 3.7. Influencing the Outcome of Competing Memes and Counter Messaging
arge-scale

Processing Analysis & Information
Management  Management

Real-time Stream
Translation Processing
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% 75,

COLUMBIA
UNIVERSITY

Inferring Cognitive Traits: Human Essentials

— Personality

— Needs

— Value

— Trustworthiness / Trustingness

— Influence

= What does it mean for A.l.s to have these human essentials?
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Deriving Personality 2

UNIVERSITY

Big5 Personality (OCEAN)

Extraversion

outgoing/energetic
vs. solitary/reserved
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Deriving Personality

6 7

COLUMBIA
UNIVERSITY

— Mapping text to psycholinguistic category (LIWC) LIWC Category N E 0 A C
to BIG 5 Personality [Yakoni '10] : 694 bloggers; 66 Total pronouns 0.06 0.06 0.21%** 0.141** 0.0
LIWC categories; ~2,500 words First person sing. 0.12**  0.01 0.16*** 0.05 0
7 ?
First person plural | -0.07 0.11**  -0.1* 0.18***  0.03
First person 0.1* 0.03 0.19%** 0.08* 0.02
— We extended the # of words to about 30,000 by second person 01777 01677 04277 008 0
combin ing with WordNet Third Person 0.02 0.04 -0.06 0.08 -0.08
Negations 0.11**  -0.05 -0.13**  -0.03 -0.17***
Assent 0.05 0.07 0.11**  0.02 -0.09*
Articles -0.11**  -0.04 Q.2*** 0.03 0.09*
Prepositions -0.04 -0.04 0.17***  0.07 0.06
) T -0.08* 0.11* 0.04
Tralt Sf::-aot; “L‘_’Sfﬁ Top 20 words 0.12**  0.06 -0.06
— - 0.15*** 0.18***  0.04
Neuroticism 24 awful (0.26), though (0.24), lazy (0.24), worse (0.21), depressing (0.21),
irony (0.21), road (-0.2), terrible (0.2), Southern (-0.2), stressful (0.19), 0.11** 0.14** -0.02
horrible (0.19), sort (0.19), visited (-0.19), annoying (0.19), ashamed 0 0.15%*%* (0 16%**
(0.19), ground (-0.19), ban (0.18), oldest (-0.18), invited (-0.18), - -
0 -0.15%**  _0.18%**

Extraversion

Openness 393
Agreeableness 110
Conscientiousness 13

completed (-0.18)

20 bar (0.23), other (-0.22), drinks (0.21), restaurant (0.21), dancing (0.2),
restaurants (0.2), cats (-0.2), grandfather (0.2), Miami (0.2), countless
(0.2), drinking (0.19), shots (0.19), computer (-0.19), girls (0.19), gloriou:
(0.19), minor (-0.19), pool (0.18), crowd (0.18), sang (0.18), grilled (0.18

folk (0.32), humans (0.31), of (0.29), poet (0.29), art (0.29), by (0.28),
universe (0.28), poetry (0.28), narrative (0.28), culture (0.28), giveaway
0.28), century (0.28), sexual (0.27), films (0.27), novel (0.27), decades 5
(0.27), ink (0.27), passage (0.27), literature (0.27), blues (0.26)

wonderful (0.28), together (0.26), visiting (0.26), morning (0.26), spring
(0.25), porn (-0.25), walked (0.23), beautiful (0.23), staying (0.23), felt

(0.23), cost (-0.23), share (0.23), gray (0.22), joy (0.22), afternoon (0.22)
day (0.22), moments (0.22), hug (0.22), glad (0.22), fuck (-0.22)

completed (0.25), adventure (0.22), stupid (-0.22), boring (-0.22),
adventures (0.2), desperate (-0.2), enjoying (0.2), saying (-0.2), Hawaii
(0.19), utter (-0.19), it’s (-0.19), extreme (-0.19), deck (0.18)
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Deriving Needs

6 7

COLUMBIA
UNIVERSITY

« What do we model
— 12-dimension needs

Curiosi , I I
¥ Progressive deals \
/ Anti-authoritarianism
EXCITEMENT  Hedonism Risk Escapism HARMONY
Infeholism Mon-conformism Romanticism
. Aggression Altruism
Extroversion
Eroticism Culture Relaxation
Materialism
Rationality . Modesty
Self-expression Spending Weariness Love
[ Achievement Caring
< Outer- Inner- | g
directed ) directed
\ Emotionality
“-..\ Thrift Without
\ Appearance-  Vigour Industry ambitions
%, consciousness

™, Technaphabia )

\" Authoritarianism Conformism Maturity Introversion
CHALLENGE .. Status Puritanism CLOSENESS
g Meed for roots
- —~ Sec urtt/
Practicality Conservative Stability
-..h,_,"_h______‘___-_-
* STRUCTURE
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Collecting Crowd’s Textual Description of Needs X2,

UNIVERSITY

 “Please describe three things that you want to get or need to do the most,
and explain why you want or need them. Please be as honest as possible.”

* Minimal requires 60 words, average written 103 words
* Some examples:

1. I need to pay off all my credit card debt by next year. I'm cutting cost wherever | can to help pay off these debts. This
will help get me more financially stable. 2. 1'want to take a vacation to Florida. This also requires saving and cutting
costs. | havent had a vacation in a long time. 3. | want to lose weight and get healthy. There are sports that | would

like to get back into and can't with my current weight.

1. lwant to go running again. | went through a lot of trauma a year ago, and it was reinforced by a couple of troubling
incidents that have happened mare recently. 1 find that | cant go out without being paranoid about who's around and
anticipating that I'll get attacked and humiliated again. But | so miss the freedom of running. | miss moving my body,
my limbs, and my quick responses to challenges that pop into my head when I'm running. | want to get back into it.
2. Ineedto learn to trust people. | think that everyone has an ulterior motive or is just using me for favors I'll do for
them. These thoughts pop into my head when people are making sincere confessions of emaotion, and | still don't
trust them. | would have more friends if | trusted people maore. It's good to be cautious and skeptical, but skepticism
needs to be rational. 3. | want to start some kind of company that serves my community. Hair, clothing, whatever. |
think it would be fun and would be an outlet for me to 1) meet people and 2) express my creativity and love for

fashion.

i wantto get an iphone i love latest phones with latest features i want to study more and more i want to be on the
highest rank ever and want to earn a lot more than average. i want to have my own car i want to drive more and ore
as i love driving ;)i want to have a world tour as i love traveling a lot. i want a lot of things in my life to be done sooner.
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6 7

Current Results of Needs Detector e
* Large-scale CrOWd'SOHrC-ed needs Dictionary derived for “ldeals”
scores and text descriptions from Positively correlated: accomplish,
over 2800 people on MTurk chauffeur, goal, license, special...
e 12 dictionaries for each need Negatively correlated: bad, fix,
dimension half, minimum, mix, ugly, wrong,
e Use TF-IDF and Elastic-Net obvious, ..

reguarlized generalized linear
model for regression.

. ,
* Prediction (from one’s tweet) for Neods Model Cuallly
certain dimensions is better than 025
others 02
— cross-validation on collected 015
ground-truth ‘%
— ldeal, Closeness, Excitement, Self- g o
expression, Curiosity, Harmony 0.05
0 . - ||
Practicality Seli-exprassion CUF‘IOGI[‘_.‘ Ideal Stablhty
Structure Challenge Excitement Liberty Hs;-lr'n'mn',-I Claseness
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Deriving Value 2,

UNIVERSITY

. Why model value
— Values motivate people and guide their actions
— Values transcend specific actions and situations

Openness to
Change

Self-

Direction| Universalism
Creativity, Social Justice,

reedom Equality

Self-
Transcendence

Stimulation
Exciting Life

Benevolence
Helpfulness

Tradition

um:,ny

Devoutness

s SO
A Securi
a‘a&»af i I

Conservation
Self-

Enhancement Organized by motivational

similarities and dissimilarities [Schwartz 2006]
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6 7

COLUMBIA
UNIVERSITY

Current Results of Value Detector

 Data  Regression strength
— 800 Reddit users, each with at least 100 o R2 of Linear| Correlation between the
pOsts Value Dimensions Regression Regres_sl,_(?’(iiJ g/\a/gﬁ Gz;md the
° Dependent Variables Self-Transcendence 17.0% 0.39
— 4 high-level value dimensions and 10 e 13.8% 0.35
low-level value dimensions as measured Conservation 15.4% 0.37
by established questionnaires Openness-to-Change 18.1% 0.41
* Predictive Variables Hedonism 18.2% 0.41
— 68 LIWC dimensions, each representing e Classification accurac
uses of a particular word category (e.g. y
self reference, positive feelings, family, Value Sl A | e | e | e
money) Dimensions the Highest AUC
— Number of posts, sentences per post Self-
P ’ perp ’ S Random Forest .60 .67 .50
posts per sentence
Self-
— Up votes and down votes the user got Enhancement MEFIIEE =
from other users Conservation Logistic Regression .59 .56 .57
* Predictive MOdeIIng Opgrrl]réerz]sgéto- Logistic Regression 61 59 57
- REgreSSIOn and correlation analySIS Hedonism Logistic Regression .61 53 .63
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Assessing Inferred Traits from Tweets o,

UNIVERSITY

* Participants
— 256 employees who have twitter presence with at least
200 tweets
* Procedure

— Participants took three sets of psychometric tests of Big 5,
basic values, and fundamental needs

— Participants rated how well each type of the derived trait
matches with their perceptions of themselves
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Deriving Traits from Tweets — Results (1) A2

UNIVERSITY

e Comparing Derived Traits with User Perception
— All ratings are above 3 (“mostly matched”) out of 5

(“perfectly matched”).

— The overall ratings
* Big5:u=3.4,sd=1.14
 Values: u=3.13,sd=1.17
e Needs:11=3.39. sd=1.34

Self-assessment

0 6‘ S
NO \6 P 2
\0\e 66 2 eé 0 '6 e(\\(\ e\,\\'s
‘ee@ 00'(\ A\ G'(\ ’\ S
2 C o
Personality Values
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Deriving Traits from Tweets — Results (2) X2

UNIVERSITY

* Comparing Derived Traits with Psycho-Metric Scores

— Correlational analysis of a trait profile (considering all
dimensions together within one type of trait)
* RV-Coefficient Correlation Test

— Percentage of population with significance are 80.8%,
98.21%, and 86.6% for Big 5 personality, basic values and

needs.

Personality Values Needs
1

0.75 - (R 0.6 - I
—— RV-Coef | —— RV-Coef |
D050 - == p-value | ! 0.4 - == p-value |
S 1 I
2 ] | !
25 - ' 0.2- -
0.25 ¥ !
r ' p\l
0.00 - gt Bl Rt s I 0.0 - R R “1 0.0 — i el e ol ey o |
| | | | | 1 1 | 1 1 | | | | |
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
Population Percentage Population Percentage Population Percentage
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Example of Personality/Needs/Value/Behavior X2,

UNIVERSITY
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Real-World Experiments: TravelersLikeMe o

UNIVERSITY

. Many people discuss travel on Twitter, some ask for advice on upcoming trips.

. We created a website (travelerslikeme.org) and twitter account (TravelersLikeMe)
describing a service which makes personalized travel recommendations based on

people just like you.

TravelersLikeMe (TravelersLikeMe) on Twitter

Following

Followers

Favorites

Lists

Who to follow - Refresh

il  Gabrielle Sawick gabbbsawic
¥ 3 Foliow
g

BIC 5 holly @holiyniicole
£ W Follow
b, 2]
ﬁ BrockportStudentGov ~ bsgbuzz
| .
B ¥ Follow

Popular accounts - Find friends

View more suggestions

Trends - Change
#AWX
#travelpics
#girlstravel
#oow13
#loveeternal
Bangkok

Nick Cannon
Lois Lerner
Adelaide

TravelersLikeMe
@TravelersLikeMe

travel connoisseur, food expert, wine enthusiast, fine living coach,
travel concierge for creating and delivering individualized experience

Silicon Valley - travelerslikeme.org

5,997 1,844 321 "
=@ editprofiie
Tweets

. TravelersLikeMe « TravelersLikeMe 20 Sep
T."} @DJNeekola A traveler like you liked bit.ly/17XJhEO: "Can't wait to
= = visit the new location” If looks good 2U, pls favorite
#® View conversation

. TravelersLikeMe © TravelersLikelMe 20 Sep
f."} @Sight_ofthe_Sun A traveler like you liked nym.ag/17Xh6RC: "my
% favorite italian restaurant in NY* If looks good 2U, pls favorite
® View conversation

. TravelersLikeMe  TravelersLikeMe 20 Sep
f,"] @delema3 A traveler like you liked bit.ly/1ax30bT: "Best kept secret
=¥ for healthy dining” If looks good 2U, pls favorite
® View conversation

| TravelersLikeMe ' Trav

Lol
Display a menu for "https://twitter.com/TravelersLikeMe™

EECS 6895 ADV. BIG DATA AND Al

200 Travelers Like Me 2
[« >8]/ 99(0] (2] 6 wwaaveiersikemeog o (0]
&2 (D i Stocks Weaher Weather-Text Dilbert MrRosdshow SwaightDope MacCentral xkcd Poliifact [PhoneSlog Cigaparts Java Twwtterd] Statstic —J»

Travelerslikeme®

About Us Contact Us

Help Us Help You

To help you plan for an unforgettable experience, this summer our
featured recommendation is travel guide books. To help us discover
unique travel books, participate in our survey and win gift cards!

Click here to log in with Twitter and take the survey.
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Mechanical Turk Study o2,

UNIVERSITY

Majority of travel discussions on Twitter are to NYC.

We created three messages describing TravelersLikeMe, each

describing different activities:
— Fun Message: Coming to NYC? Follow us for personalized tips on fun bars,
broadway shows, and even free kayaking

— Fine Lifestyle Message: Coming to NYC? Follow us for personalized tips on
luxury hotels, fine dining haunts & designer shops

— Social Message: Coming to NYC? Follow us for personalized tips on social
hotspots, cozy neighborhoods & themed tours

We asked 500 people on Mechanical Turk to evaluate these
messages, and take a test for Personality, Values, and Needs.
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Mechanical Turk Study - Results G

Individuals” measured traits were significantly correlated
with their preferences for each message.

Many traits correlated, message resonance likely
determined by a combination of traits.
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Twitter Study ‘Booked my tripto | (™ = L2

OO\vorvie\vwnrolp

@VV\,|V|L,VV|J| u_]\act ‘
| 8
()

summitin NYC. 5

. . . days of peace,
Using Twitter streaming love, and

search & IBM Big Insights documents.”
filtering, we found 4000+

“Have to make a last
second business trip

to NY.”
travelers to NYC.
: : “Heading to
. travelers
personal traits, sent each a
tweet with one of the 3 Trait Profiles

Coming to NYC? Follow us for personalized
tips on fun bars, broadway shows, and even
free kayaking: http://bit.ly/1aplub6

messages (randomly
chosen), and measured

response rates. “thanks for the
tip! ”

“Thanks for sharing with “I live there
me. | will check it out.” 1
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Responses on Twitter Sl

COLUMBIA
UNIVERSITY

Many ways for people to respond on Twitter:
— Clicking link in tweet: expresses immediate interest

— Retweet, Favorite, Reply our tweet: expresses engagement
with or approval of our message.

— Following our account: expresses interest in seeing
messages from us going forward. Problematic, though,
since some people followed us because we followed them.

We analyzed both click rate (overall 7.23%), and
retweet/favorite/reply (RFR) rate (overall 3.88%).

RFR rates followed the preferences from the Mturk
study, but not all comparisons were significant.
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Twitter Study Personality/Message Results

UNIVERSITY

Performed logistic regression to understand relationship between traits and
click-rates.

Inferred personal traits did predict click-rates, some consistent w/Mturk study:

— Extraversion -> social msg
— ldealism -> finer lifestyle msg

Low response rates make other conclusions difficult, more data being collected
to better establish other correlations.
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Personal Trait Study Conclusions ot

COLUMBIA
UNIVERSITY

 Personal traits do impact preference for
recommendation messages in lab study.

 Personal traits, inferred from social media, also can
predict real-world responses to recommendations
made via Twitter.

 |tis possible to measure these effects interacting
with real people in a real-world setting.
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Deriving Trust 2,

UNIVERSITY

* Trustingness: How likely an actor is to trust another
actor in the network.

* A highly trusting actor trusts a lot of non-trustworthy
actors

* Higher score = Higher trustingness

* Trustworthiness: How likely an actor is to be trusted
by others in the network.

* A highly trustworthy actor is trusted by lots of non-

0.20

trusting actors Uik o Trustingnes
* Higher score = Higher trustworthiness 0.16 S Vs
. 0.14 S TI'US'[WOI’thy
* 2 measures are negatively co-related to one i ness
another and are dependent on one another |
010 °©
* Based on Hubs and Authority model from HITS o
algorithm - o
* Twitter is a social media platform where people can RS % °c g o
verify/know identities of real persons leading to high 004 & Lo
trustworthy scores 002 3B6 o . oo.
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Influence Analysis using Information Flows in Twitter Social Media o8

UNIVERSITY

Information Flows can concisely present the frequent information flow paths of the network

¥ Frequent Flow Path
4 ) . . g
- Properties satisfied:

. D .
#Sandy “ m) “ ) =) “ 1.Causality

> 2.Frequency and

#Hurricane a —> a —> ?. 3.Lifetime
N Y,
9:30 AM 9:32 AM 9:33 AM
Leader Follower 1 Follower 2
» Influence(user) = Total attention received by —
user as leader across all discovered flows. — DEGREE CENTRALITY
il —PMIA I
DEGREE DISCOUNTIC
[ Tweet ﬂ )St 04 il
Stream o SisazE 5 _ |
gg‘?:ﬁﬁ ' "V A7, 2 . E w
O-.'._'.é_};‘ A _,_q o

[Tie strength ]/O i d tbt g e
Network ur distribute
influence analysis 5 Least

framework Inﬂue Nncers R " : RECALL a
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COLUMBIA
UNIVERSITY

Inferring Cognitive Traits: Human Dynamics

— Contextual Behavior

— Emotional State

= What does it mean for A.l.s to have these human dynamics?
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Computational Modeling of Contextual Behavior S

COLUMBIA
UNIVERSITY

= Objective: Modeling user dynamic
behavior for prediction/detection tasks

= Task Goals:

—Modeling synchronous behavior at
multiple granularities
* Predict values (e.g., performance,

credibility) of entities in heterogeneous
networks

e Published at SDM 2013

—Modeling user dynamic information
spreading behavior (ongoing, in demo)

Delivery — Engineer
= The Work: ALEaTht >De§E%“ Team
—Exploit the structure of people’s -ea'm teé,,,\\
dynamic behaviors to facilitate f—_— />v /
prediction tasks, while few existing G L/ Person
approaches consider that \é"lﬁéﬁii@mﬁhcare
E'E i — SNA Info
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Synchronicity Networks a8

UNIVERSITY

#

« Entity synchronicity measure [Savvedra 2011] sy, =1, — 1},
— E.g., how much a person’s topic sync with other people
— No predictive power for our data

Remove the effect o

« Multi-level synchronicity networks average sync

— ldea: (potential) high performers selectively sync
with others to optimally use their limited time

— Edge weight in the same level: pairwise synchronicity

(2) (1) (1 _ X Mj |4
€y = Eze[,]ej(e ) €, = Etoit O el(a(;) = Etcos(biﬁ'k;b

- CrOSS'Ievel edges Dellvery e Engmeermg team
. . . o ” . . te}v ~— /
« Between team and individual: “belong to” relationship

AccPunt team DFSIgn team
« Between individual and topics: the strength of the topic

in the person’s communication /> /

Synchronicity Network for people: e.g. two people talking about the same topic in J%s"m""’ ““'“' B
an email within an hour; they may not have direct communication Bl g

Static Network for people: direct communication
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Experiment on Sychronicity Network Gt

COLUMBIA
UNIVERSITY

Dataset

— Enterprise: SmallBlue (3-Level Network)
« 25 million emails/IM, performance metrics (e.g., utilization rate) for consultants
— Social media: Twitter data from [Balasubramaniyan2010] (1-Level Network)
« 70K tweets from 344 users

« Users annotated with 4 categories
— Celebrity, info sources, normal users, spammers
— Manual annotation + Twitter metadata (verified, blocked etc)

Ranking metrics

» Precision-recall curves of high value entity classification for given thresholds (comparing with
ground-truth ==> people: utilization rate; team: mean utilization rate; topic: revenue
correlation)

Approaches to compare:
— Sync-HMR (Hetergeneous Multi-Level PageRank Ranking): the proposed approach
— Static-HMR: apply HMR algorithm on static social networks

— Sync-SVR (Support Vector Regression): apply SVR on synchronicity networks (using network
diversity, sizes, strong link to mgrs.)

— Static-SVR: apply SVR on static social networks
All results are obtained using five-fold cross validation.
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Evaluation — Is Synchronicity Network a good indicator for high value entities? Glo

COLUMBIA
UNIVERSITY

« Sync-HMR consistently outperform baselines
« Sync-SVR does not always outperform static-SVR
— The structural features of synchronicity is important

1 T T 1 T T T T
—4— sync-HMR
& — % — static-HMR
08+ +. ) 11 0.8 e -, T S"_I,FHC—SV.R 1 08¢ 1
; — + — stafic-SVR ;
I - ™ s - S 02 R L Rt ey
20 aerediokd oo e | Bosies oy -
bop-p BEEE g . R
& 04} ——sync-HMR + e o o4 ——sync—HMR |7
- —#%— - static-HMR 041 - —#— - static-HMR
- 8 - sync-SVR — B — sync-SVR
025 - 4 - static-SVR 0.2 ~ + — static-SVR ||
1 1 L 1 D_z 1 1 1 1 1 1 1
0 0.1 0.2 03 04 05 0 0.2 04 06 0 01 02 03 04 05
Recall Recall Recall
a) Teams a =0.5 ndividuals at = (. c) Topies at = U
T t €2 =05 b) Individuals at £(1) = 0.5 Top t £00)

==> Multi-Level Sychronicity Networks captures heterogeneous hidden
dynamic interactions; One's performance is related to her capability to
'sync' with important people.
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Evaluation on Sychonicity on Social Media 2

UNIVERSITY

« Baseline: [Balasubramaniyan2010]

— Interaction network is better than follower network to detect spammers
and celebrities/info sources from normal people.

- —%— - baseline
097 —#— sync-HMR)|

08¢

Precision

0.7y - —3%— - baseline

—— sync-HMR

0.6 - - - -
0 02 04 06 08 1 04 - . . .
Recall 0 02 04 06 08 1
§= 1 §= 2
filter spammers detect celebrities and

info sources
==> Sychronicity Network is better than the Interaction Network on classifying users.
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COLUMBIA
UNIVERSITY

Collective Intelligence and System Change Prediction

Data:

* All instant messages and trades by
employees of a large hedge fund.

* 24 are traders, 95 are analysts, 63 are
portfolio managers, 8646 outside contact
* 47K trades

* 22 million IMs (2008 — 2012)

Findings: We identify two behavioral
patterns that signal system changes:
« Reaction to IMs containing relevant
information
* In-group vs. out-group
communication

Using these two features, we can make
predictions of system-wide changes
with better accuracy than the
group’s predictions.
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COLUMBIA
UNIVERSITY

13:11:33, I was thinking all this AAPL anti-trust might be actionable

13:11:42', not great for AAPL

13:11:47, When GOOG had that big issue in Europe stock underperformed right?

13:11:52, true

13:14:01, Also not sure if you caught, but GSCO is going to allow employees to bring own
phone device for corporate email

13:14:24, Maybe GSCO allowing that could be positive for AAPL, as security focused firm saying
iPhone works

13:14:35, But bad for RIMM

13:14:42, Maybe all this is priced in

13:16:50, Did you see speculation that Bing is actually quietly going to be default search on
iPhone 4?

13:17:18, heard a lot of talk of that

13:17:23, but didn't see that specifically like that

13:17:44, Okay let me figure out where | saw that and get back to you

13:17:45, One sec

13:20:08, http://thenextweb.com/apple/2010/06/07/wait-bing-is-default-search-on-iphone-4
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Emotional Activation and Information Processing o

UNIVERSITY

 Motivation

Emotional states can effect how information is
processed. Good information can be
undermined or strengthened by emotional
states.

« Approach

— Measure emotional activation in tweets
using the ANEW dictionary

— Control for the number of words in the text

Average Daily Decision Error

« Preliminary experiments

— Traders at a hedge fund are more likely to
make decision errors when they are very
emotl_onally activated or very emotionally O Average Decidon Emofonal Activaton
deactivated.

— Users who retweeted the 20 detected most
anomalous sequences tend to post tweets
with higher level of emotion than a baseline
of 20 million tweets from June 2009.
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COLUMBIA
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Inferring Cognitive Traits: Human Dynamics

— Information Reasoning & Morphing

— Visual Sentiment

= What does it mean for A.l.s to have these human dynamics?
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Information Morphing Modeling 7

UNIVERSITY

= Objective: Modeling to detect and track information evolution in social media

= Task Goals:

—Resolve information morph, where new %\% Peace West King from
eibo

links keep emerging to give new Chongqing fell from power, still
- - - o ?
meaning to existing phrases need to sing red songs:

« Published at ACL 2013 + B4
—Detect information morph CHINADA"-Y
« Ongoing mBo Xilai led Chongqing city leaders

and 40 district and county party and
government leaders to sing red songs.

= The Work:

—EXxploit rich structure information in
heterogeneous information networks
to improve existing NLP based
methods
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Morph Resolution Approach Overview

6 7

COLUMBIA
UNIVERSITY

Frequency

220 -
200 -
180 -
160 -
140 -
120 —-

100 —

' Target candidate identification

* Narrow down candidate space by selecting pairs of

»similar temporal distribution

—&— "Not Thick" in Weibo
—&— Bo Xilai in News
A Zhang Ziyi in News

W N
AVANT AN v *-X.A./.\-/\f’\?- '

2 4 6 8 10 12 14 16 18 20 22 24 26 2¢
Date

______________________________ - e e e e e - -

'Surface features (NLP)

+» Probabilistic Orthographic Model (e.g.,

:string edit distances)
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Y
M
—_——— e A e ——

Morph Query

Target Candidate Identification

[\"" Semantic Annotation and

Target Candidate Ranking
,,I-Surfa::e Features J [Sema.uti-: Feamres] [ Social Featu.tes]
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Social Features S o5

UNIVERSITY

*Social networks based feature

— A morph and its target are more
likely mentioned by two users with
strong social correlation

— Measuring tie strength by social
interactions (e.g., retweet, mention)

« Measure semantic similarity via social features

ZtET f(e? t': Ut': UC)
| T

— T. the set of temporal slots a morph m occurs

s(m.e) =

— Uy the set of users whose posts include m

— U.: be the set of close friends (i.e., social distance<0.5) for U;

— f(e.t,U,U.) an indicator function which returns 1 if one of the users in
Usor U.20sts tweets include the target candidate e within 7 days before t
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Data and Scoring Metric o

UNIVERSITY

« Data
— Time frame: 05/01/2012-06/30/2012
— 1555K Chinese messages from Weibo
— 267K formal web news documents from embedded URL
— 500K Chinese messages from English Twitter for sensitive morphs
— Test on 133 morph entities in Weibo

« Scoring Metric
Acc@k =C, /T

— Cy: the number of correctly resolved morphs at top position K
— T: the total number of morphs in ground truth

0.8
0.6
0.4
02 -
4
Acc@] Acc(@b Acc@ AccE@Z
mhLP 0.234 0.416 0477 0.513
B MLP+Graph 0373 0,534 0,653 0.701
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Multimedia Analytics o2

UNIVERSITY

= Objective: Detect and track opinion-influencing visual memes

= Task Goals: New Publications, Awards:
—Goal 1 & concrete achievements — [ACMMM2013 BNI Paper and Demo]:
» Since Feb 2012: Visual Sentiment Large-scale Visual Sentiment Ontology and

Ontology (VSO) & SentiBank classifiers  Detectors Using Adjective Noun Pairs

» Since Feb 2013: Release dataset, . .
browsers, 1200 classifiers, and twitter Tech transition strategy:

sentiment prediction demo — Adapt SentiBank classifiers
« By Jan 2015: Adaptive analysis for and VSO browser to analyst target
specific user groups and data domain content
—Goal 2

« Enhance communication and story telling
using multimedia content

= The Work:

—Achieves the first multimedia-based
sentiment prediction system

—Facilitates trend tracking and
informed decision making based on

~_ Visual Sentiment
| Ontology (I 1L Tl
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The Power of Social (Visual) Multimedia =

- A picture is worth one thousand words

Tweets of the Year

@BarackObama: FOur more years. @BrynnaNY: Rollercoaster at
sea.
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Question: How to Build Visual Sentiment Ontology? 2,

UNIVERSITY

-- Web + big data + computer vision + psychology

i v
INTEREST, § 5 )
a@ N

AGGBESSWEHESS

> —
17 g
L J = 5
‘ GolAS |
2 54"

= Ao

ANNOYANCE SESE I W SOl [\

Jl
ANGER ‘,
& 7\
DISTRACTION

APPHWI[
Psychology emotion wheel

(24 emotions, _by Robert Plenty on the Web:
Plutchik) “For content to go viral, it needs
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Research: Which 1000 sentimental concepts?

6 7

COLUMBIA
UNIVERSITY

-- data mining to discover visual sentiments in social media

Build
Sentiment
Ontology

i

nm“ elect
= =1 Adj-Noun
S Ea

Psychology emotion ~ ——
wheel (24 emotions)
Analyze tags with
strong sentiments
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Concurrent tags with emotions Gotmoun
joy terror amazement disgust

] joy § terror ] amazing  disgusting
| happy i horror '] beautiful i gross

| love B zombie | nature || food

'] smile i fear '] wonder i nasty

| beautiful il dark § light i sick

|| flowers I street '] love i dirty

U light | halloween [ sky l dead

| nature B war 1 eyes I face

] kids § undead I clouds i blood

'] christmas bomb U landscape 0 insect

From 6 million tags on Flickr and YouTube
Color code: text sentiment values
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Target Concepts for CV — Adj-Noun Pair e

Adjective (268): indicate strong emotions
frequent positive Adj: beautiful, amazing, cute
frequent negative Adj: sad, angry, dark

Nouns (1187): more detectable by computer vision

Noun categories: people, places, animals, food, objects,
weather

Other cleaning steps:
remove named entities like “hot dog” via wikipedia

Choose sentiment rich ANP concepts by tools
“Senti-WordNet” “SentiStrength”
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© o,
Image Datasets o

UNIVERSITY

About 0.5 million images over 3000 concepts

# images on Flickr per ANP
10,000

8,000

T

6,000

T

4,000

T

2,000

T

00 500 1000 1500 2000 2500 3000

# CC images downloaded from Flickr per ANP

1000 1
800
600
400
200

0 500 1000 1500 2000 2500 3000
ANPs
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Beautiful Sky
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Sad Eyes
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Teach Machine to Recognize Visual Sentiments o

Build
Sentiment
Ontology

HEEE.

Psychology emaotion \..‘\"-"‘Performance

wheel (24 emotions) ) Filtering
> .. yjSentiBank
OL : (1200
Sentiment Detectors)

Prediction
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Classifier Training X2

UNIVERSITY

— LibSVM, cross validation

— Generic features

— Color Histogram (3x256 dim.)
— GIST descriptor (512 dim.)

— Local Binary Pattern (52 dim.)

— SIFT Bag-of-Words (1,000 codewords
— 2-layer spatial pyramid, max pooling)

— Classemes descriptor (2,659 dim.)

— Special features
— Object detection (people, objects, etc.)
— Aesthetics features (color schemes, layout, etc.)
— Face and attributes

— Improve accuracy 9%-30%
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Examples

COLUMBIA
UNIVERSITY

Good Results:

i > ‘
B;- >
S ey ]

a) colorful clouds (b) misty night
Not Great Results:

2) Colorful butterth
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Sentiment Prediction Performance

% 7,

COLUMBIA
UNIVERSITY

Sentiment Prediction
Accuracy

Text 0.43
man%/ are
neutra

Visual 0.70

EECS 6895 ADV. BIG DATA AND Al

Examples

young_teen happy_heart young_friends fat_girls happy_face
cute_girls fluffy_cat sweet_girls cute_dog friendly_smile
funny_kids

young_friends cold_feet stupid_hat heavy_ winter
waiting_area crazy_hair stupid_sign fat_face harsh_winter

happy_heart sweet_girls friendly_smile traditional_wedding
grumpy_face young_teen handsome_face beautiful_flower
wedding_friends happy_wedding

violent_crime bad_guy dark_blood clean_air
ancient_sculpture funny_comic angry_men gorgeous_girls
tired_eyes tired_men dark_death dark_eyes traditional_tattoo

sweet_child great_night tired_eyes creepy_horror
dark_places dark_blood dark_woods wet_window dark_room
favorite_book young_friends dark_death weird_face
hardcore_band favorite_club hardcore_punk
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Social Media Monitoring Demo

— Live Monitoring:
— Retweets, Visualization, Translation, Sentiments
— Relationships, Communities
— Geo-Location, Intranet Social Media

— Forensic Anomaly Detection:
— Abnormal Threads
— Personality, Value, Needs, Trustworthiness, Emotions,..
— Visual Sentiments
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Social Media Live Monitoring
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COLUMBIA
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System G SMISC Social Media Monitoring

Ching-Yung Lin | Search www.ibm.com

Home | Live | Forensics

Select CIO Catetory(-ies): [=a=enl:} B W\ol=g Beiar =T ﬁﬂ

ring categories

Research Projects | People | News | B

Monitoring filter

or Word: Egypt

/ﬂ/Go ] [ stoe | [ resume | language Arabic_ |~

Total Tweets: 231
Positive: 15%
- 13% ° ()
: ageh beaury DPUtaAlity Mor
.police . ns &
Egyptthan

Negative:

-allege . :
Egyptian e s.ig egypt lady call

- Saloom Butilla ©©

DO @Lion ng Bhr: gz i

19/2/2013 a1 Jia yp filad g4 Lo ‘.b'..P-']#

#Bahrain #Egypt #Syria #KSA #UAE

#News h ....

Translation: RT *@Lion_King_Bhr*: The

traitors in Bahrain Safavid attack on .
public utilities and security men,

2/19/2013 *LBahrain®™ #Egypt *LSyria™ .

“LKSA™ “LUAE™ “LNews™ h =...% = ® Py °

-Wed Feb 20 17:57:58 20
- N - - S -

s Zenza Raggi fan-club =7 =nz=club
| Private Gold 64: C\eopatra 2/fA sect
5 j' that worships ancient Egypt is attempting .

to bring Cleopatra back to lif... http://t.co .
/TcvMDiwb

RT @HebaFarooq. An #Egypt ian beauty . ‘
) v htt ,l’,ft co!SQBZbeB .)

Mona Metwally ©rc wally
RT @EgyBloodBank: = cw= s glhias o .
a2 il o la VY andlad AT AB+

01024705247 #Egypt # == http://t.co .
/5006mEZ5. .
Translation: . R *@EgyBloodBank™: A

EECS 6895 ADV. BIG DATA AND Al

‘ m @1Derlaland 48,230 ——>' @1DRana 157

- And One Way Or Another is also number 1 in Guatemala,
. . Peru, Israel, Brazil, Egypt and Panama! OMGG
¥ 2

ks
@Lion_King_Bhr 44,12025 > ©  @SaloomButilla

H
i o
® Y . 1351
19/2/2013 o) da gy &aldl 350 o gy i SuA el
. #Bahrain #Egypt #Syria #KSA #UAE #News http: ,l’,’t co
/M18TdDE4.
Translation:

% @VotedSquash 42,4123 > n @JlamesOxbury 22

Big thanks to all who #voted4squash! There were over Sk

[ tweets sent worldwide reaching over 1.3mil ppl trending in
. . M'sia, Aus, Egypt & the UK

@NatGeo 38,3039548 ——>- @abeenueve 216
Now under a state of emergency, Egypt's Port Said
flourished in the '20s http://t.co/NSmcFMEm

] * @EgyBloodBank 29,5003 --> ¥4 @monametwally 846

g o a2 Bl adola Yl daglall T a3 o i gling m g AB+
01024705247 #Egypt® »=« http://t.co/S006mtZ5.

Translation:
Growing Influential

Retween Graphs

Real-Time Translation, Locations,
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Social Media Forensic System COEEM

UNIVERSITY

Updating User Behavioral Model

U Social Social Tie Strength

Media JData Inges >
& prep.

User Behavioral

User Behavior Statistics

—

Social Network

Graph
Analytics

Social Media

Data Store Models Models
!r l‘ Visualization
Emotion Analytics
- O ANAVIes) ~
Egonet Analytics

Graph Similarity
(Rutgers)

RT sequence

_S_axu:aa.iﬁn & :> < Influence/Trust > |:>
i filtering (UMN)

(keyword, |loc etc)

Anomalous
Sequence Detection

By One-Class CRF Seguence

Human Personality

&Value >
-
Detecting Anomalous \_ Emotion Activation J
Sequenceg that may be oL y

disinformation

Multimedia Sentiment Tracking

-
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Detecting Anomalous Information Spreading

6 7

COLUMBIA
UNIVERSITY

« Motivation
— People’s dynamic reactions to information
(e.g., retweeting) give clues to information
credibility and quality
« For example, trustworthy people may
take time to verify uncertain information
from strangers before spreading it

« Approach
— Use one-class conditional random field to
model people’s behavior in information
spreading sequences and detect
anomalous sequences

» Features: content features such as emotion,
network features such as tie strengths and
clustering coefficients

* Preliminary experiments
— Detect anomalies in retweeting sequences
during Hurricane Sandy
« Including hijacker, fake pictures spreaders

EECS 6895 ADV. BIG DATA AND Al

Detected as top 1 anomaly
iIn Sandy Tweets

One-class CRF to detect temporal anomalies

1

0.5 '}
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Photo Tweet Sentiment Tracking during Hurricane Sandy 22

UNIVERSITY

» Goal: Detect sentiment during Hurricane Sandy.

« Data collection:
e Date: Oct 25 — Nov 02

+ Hashtags (based on popularity): #prayforusa, #frankenstorm,
#nyc,#hurricane,#sandy,#hurricanesandy, #staysafe,
#redcross,#myheartgoesouttoyou,...

e 2000 Photo Tweets collected

e Ground Truth Labeling:
« 1340 unanimously agreed labels
from 2 individuals

« Training Classifier:

Legend

¢ TeXt (SentlStrength) Text Based Prediction
* Visual(SentiBank, Logistic Regr.) e

Positive. Neutral Negative

« Training/Testing ratio: 4:1
» 5-fold cross-validation
» Accuracy(Text-Visual Combined): 72%

Time
Wed Oct 31 01:57:00 2012

EECS 6895 ADV. BIG DATA AND Al COPYRIGHT © PROF. C. LIN, COLUMBIA UNIV.




Forensics on Finding Anomalies

% 7,

COLUMBIA
UNIVERSITY

Detect disinformation spreading (retweet) during Hurricane Sandy by people’s

dynamic behavior in response to the information

Top 20 Anomalous Re-tweet Sequences from October 28, to October 29.

~ ) i::llt ™ he M
Content This shark was

found in front of
someone’s house in
MNew Jersey. #ohmygod
#Sandy
hitp:ift cof1BOJqQUr

4 Sent out at : Tue Oct 30
02:37:28 +0000 2012

| Photo Tweet: negative

e C e W

Detected
rumor: Shark
in NJ

12'PH 03'PM 08 'PM 0o'PM Tue 30

The rumor sequence
has low
trustworthiness
users involved

Agreeableness  Concscientiousness  Extraversion Neuroticism Openngz=

Emotional Activation Influence Trustingness

Conservation Self Enhancement  Self Transdence

Human personality, value

traits to show

(showing Trustworthiness)

User info
(e.g.,

User Info

Pleaze click

personality

value

B80%
T0% -
60% -
50% -
40% -
30% -
20% -
10%
0% - | f | |
E A N c o]
Big-5 Per=zonality Metricz

lookinfresh_man
User Id : 258175543
Followers : 285



Users can interactively analyze the personality traits, emotion activation, value and oo
other traits of the people involved Cotompia

UNIVERSITY

Top 20 Anomalous Re-tweet Sequences from October 28, to October 29.

2012 09 AM 12'PM 03'PH 06'PM 09'PH Tue 30 ' User Information
1
Please click on an ellipse on re-tweet lines to
2 update values
# Sort values
3 N |
4 1) y
. B0% - T
you. #MittStormTips » o T0% -
#Sandy B0% -
Sent out at - Mon Oct 29
15:37:04 +0000 2012 50%
LI
9 40% -
10 30% -
1" This rumor sequence 20%
_ involves users that are 10% -
5] ™ f 3 B _
highly emotionally active 0% I
14 Big-5 Perzonality Metrics
15 O [}
16 [ O L B OD I 5 i
17 )
18
19 i
dannnaaaaaa
20 " User Id : 102595635
Agreeablenezz  Concscientiouzness  Extraversion  Neuroticiem Openness Followers - 237

: Influence  Trusthworthiness  Trustingness

Conservation  Self Enhancement  Self Tranzdence
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Evaluation with Hurricane Sandy Data S 7

COLUMBIA
UNIVERSITY

« (Goal: detect disinformation spreading during Hurricane Sandy 2012
« Dataset: 10% Twitter feed on Oct 29, 2012 when Hurricane Sandy hit NYC

« Ground truth: annotation based on verified disinformation revealed by credible
sources afterwards

— E.g., http://mashable.com/2012/10/29/fake-hurricane-sandy-photos/

« Metric: accuracy of detected disinformation in top-K results
— Baseline: One-Class SVM using the same set of features

1 -
0.8 -

0.6 -
04 -
02 l
0 -
Acc@1 Acc@5 | Acc@10 | Acc@15 | Acc@20

O OCCRF 1 04 0.6 0.467 0.45
B OCSWM 0 0 0 0.067 0.15

O OCCRF B OCSWM
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http://mashable.com/2012/10/29/fake-hurricane-sandy-photos/

Evaluation with Boston Bombing Data 7

UNIVERSITY

« Goal: detect disinformation spreading during Boston Bombing 2013
« Dataset: 10% Twitter feed during Apr 15-19, 2013

« Ground truth: annotation based on verified disinformation revealed by credible
sources afterwards

— E.g., http://www.snopes.com/politics/conspiracy/boston.asp

« Metric: accuracy of detected disinformation in top-K results
— Baseline: One-Class SVM using the same set of features

0.3
0.2
0.1
0
Acc@1 Acc@5 | Acc@10 | Acc@15 | Acc@20
E OCCRF 0 0.2 0.2 0.267 0.2
B OCSWM 0 0 0 0 0.05

O OCCRF mOCSWM
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http://www.snopes.com/politics/conspiracy/boston.asp

Technologies Login ™ 7,

COLUMBIA
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Graphen Artificial Intelligence Traders

Anita avatars are earning: $2,503.26

ER $22,67

ANITA-41 \-208134

PER $46,442 EARN: $166.03 PER $28,764 | PER $24,712 E : ; PER $ 6 EARN: $49.76



UNIVERSITY

Personality driven Al Trader 2z,

gnExchange Stocks Bonds

Graphen Ariificial Intelligence Traders

Anita 267139

.
-- an Adventurous Al Trader :
Specialized at: EUR-USD o ® ; @ Conscientiousness
Knowledgable of: Oil, Gold and Twitter
Strategy Learning Frequency at: 2.0 hours %
.
—— B Graphen Anita creates Al
Original: $1,000.00, Current: $1,404.50, Performance: Gain $404.50 Traders with various
Autonomous Learning
» i Activities Capabilities and Trading
" i - BF Bl Behavior Personalities
- 0 i ﬁ b F [ U ﬂ e 2017-10-12 13:45:05 Sell 50,000 $1,404.50 0 $1,404.50
ﬁ“ 2 n|_1[] ‘ﬂ[[}” ; 2017-10-12 12:57:25 Buy 100,000  $-57,792.00 50,000  $1,386.50
U"r"'_ y Ln’n ' NL 2017-10-1211:19:10  Sell 100,000  $60,577.00  -50,000 $1,372.00
[[[1__’ _bﬂﬂ-;n -r;H nﬂu 2017-10-12 11:11:55 Buy 100,000 $-57,822.00 50,000 $1,366.00

& - = i 2017-10-12 09:08:05 Sell 100,000 $60,566.00 -50,000  $1,310.00

RATABSB AV UEAAAALAC LN SHNNE

2017-10-12 08:34:40 Buy 100,000 $-57,935.00 50,000 $1,287.50
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Personality driven Al Trader geime,

Anita Fe Stocks Bonds

Graphen Artificial Intelligence Traders

Anita 247502 oo

-- an Independent Al Trader

®:
Nauroticism 2
Specialized at: EUR-USD 1 ®onscientiousress
®
Knowledgabls of: FX, Gold and Twitter °
Strategy Learning Frequency at: 100.0 days ®
Agreebleness Extraversion
Original: 51,000.00, Current: 51,119.50, Performance: Gain $119.50
il Activities
Time Actian Cash Unit Balance
b
. [ -‘Fu F .= 2017-10-12 14:58:00 Buy 50,000 $1,119.50 0 $1,119.50
-- [
i - nhl] 'ﬂﬂf‘. i 2017-10-1213:56:35  Sell 100,000  $60,304.00  -50,000 S1,048.50
g o = g H
l"”_ 2 “’ : ‘ 2017-10-12 11:51:25 Buy 100,000  $-5B,196.00 50,000 §1,012.00
s i .
[nn - [-H' ~ _[ h]l 2017-10-12 10:56:10 Sell 100,000 $60,232.00 -50,000 $992.50
s50 s aEe
. hall = = -
- = I] f S 2017-10-11 16:46:45 Buy 100,000 $-58,236.00 50,000 $1,066.50

2017-10-11 15:13:20 Sell 100,000  $60,382.00 -50,000 $1,065.00




	Default Section
	Slide 1: EECS 6895 Advanced Big Data and AI  Lecture 11: Perception, Emotion, Feeling, and Personality
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30: Real-World Experiments: TravelersLikeMe
	Slide 31: Mechanical Turk Study
	Slide 32: Mechanical Turk Study - Results
	Slide 33: Twitter Study
	Slide 34: Responses on Twitter
	Slide 35: Twitter Study Personality/Message Results
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 66
	Slide 67
	Slide 68
	Slide 69
	Slide 70
	Slide 71
	Slide 72
	Slide 73
	Slide 74
	Slide 75
	Slide 76: Personality driven AI Trader
	Slide 77: Personality driven AI Trader


