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* Please be noted not every cited material has been properly
acknowledged in this presentation

* The author acknowledges the wisdom and contributions of all
relevant contributors

* More information about the content discussed in this presentation is
in the book: Data Science Thinking
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High

Artificial intelligence = Human intelligence

Low

Understand

A New Age of Al: Features and Futures. IEEE Intell. Syst. 37(1): 25-37 (2022

Aims and tasks

Objects

Processors

Research areas
Intelligence paradigms
Milestones

Perceive

Uncertainty
Knowledge

FPGA

Simulate

) CPU
Observation

Logic

Reconstruct

Connectivity

Communicate

Govern
Think

Metasynthetic

Explain intelligence

Reflect
Decide

Optimize

System intelligence
Human intelligence

Governance

Intention Ethical Al

Reinforce

Behavior

Conversation
Sensing
Vision

Emotion intelligence

Attention Deep learning
TPU /Algorithmic intelligence
Exggﬁgﬁggk Recommender systems
Architecture Neural NLP
Algorithm Deep neural nets
Program Social intelligence
Data Data intelligence
Emotion ‘Bigdata’ .
Memorization Networking intelligence
Deep belief nets

Data science

Natural intelligence
Evolutionary computation/Fuzzy set
Behavioral intelligence
Robotics/Intelligent agents

Learning intelligence

CVPR/KDD/Machine learning/NLP

intelligence

Probabilistic reasoning

Connectioni
Expert systems/Knowle

ge engineering

Symbol Symbolic intelligence
Hypothesis Symbolic reasoning
‘Artificial intelligence’
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Data Science Concepts



While it may not be possible to build a data
brain identical to a human, data science can

EXPERT OPINION

still aspire to imaginative machine thinking.
[ 8 LonoainG cao

"™ Data Science: Nature
= and Pitfalls

Data Science:
Challenges
and Directions

Longbing Cao, University of Technology, Sy

L. Cao. Communications of

L. Cao. IEEE Intelligent the ACM, 2017

Systems, 2016

Data Science: A Comprehensive Overview

L. Cao. ACM Computing
Survey, 2017

Data Science: Profession and Education

L. Cao. IEEE Intelligent
Systems, 2019
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Scientific paradigms — the era of data

Data science
(Data-driven
discovery)

Theoretical science Computational science
(Theories and (Modeling and
hypotheses) simulation})

Big data

Refers to data that are too large and/or complex to be effectively and/or
efficiently handled by traditional data-related theories, technologies and tools.




Definition 2.2 (Data Science'). Data science is the science of data, or data science
1s the study of data.

Definition 2.3 (Data Science”). Data science is a new trans-disciplinary field that
builds on and synthesizes a number of relevant disciplines and bodies of knowl-
edge, such as statistics, informatics, computing, communication, management and
sociology, to study data and 1ts domain employing data science thinking.

. def o . . . L
data science = {statistics (M informatics N computing N communication

N sociology N management | data N domain N thinking (2.1)

where “|” means ‘“‘conditional on.”




e Data intelligence

e Actionable intelligence

 unique and valuable
understanding,
thinking, insights and
expertise that can
enable significantly
better and smarter
planning, decision-
making and outcomes

Data science thinking, Springer, 2018
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Fig. 2.1 Data-to-information-to-knowledge-to-intelligence-to-wisdom cognitive progression.
*Note: X-axis: the increase in cognitive level; Y-axis: the increase in intelligence



Feature engineering Deep representation

Standard analysis Deep analytics

Descriptive analytics Advanced analytics

Data characteristics
characterization

Data distribution fitting

Explicit analytics Implicit analytics
L. Cao. Data
science
Shallow learning Deep learning ..
thinking,

Springer, 2018



Definition 2.4 (Data Science’). From the process perspective, data science is a sys-

5 ad

tematic approach to “thinking with wisdom™, “understanding the domain™, “manag-

*ode

ing data”, “computing with data™, “discovering knowledge™, “communicating with
stakeholders™, “acting on insights”, and “delivering products™.

data sciencedgf{rhink + understand + manage +
compute + discover + communicate + act + deliver|data} (2.2)

* Not necessary
80:20 rule

* End-to-end
solution

e Thinking, design,
and actionability

 Embed data
processing and

£ feature

Insight

Stakeholder

Data
Knowledge

Data

Domain

engineering in
learning




Longbing Cao

| Data B

Science
Thinking

Definition 3.1 (Data Science Thinking) Data science thinking refers to the per-
spective on the methodologies, process, structure, and traits and habits of the mind
in handling data problems and systems.

Scientific thinking

Quality | Significance | Impact | Value * Data-oriented critical and

g Assurance creative thinking
E .. . N
% o * Individualized = holistic =2
c Evidence | Hypothesis | Insight | Decision 9 i i
g e £ systematic design
g o * From methodologies,
E Goal | Design | Analytics | Exploration £ processes’- StrUCtU.reS, deSIgnS
5 Mechanism design = to evaluation, deliverables
58 | * Design thinking in analytics

j2 Data | Problem | Intelligence | Environment é and lea ring pa rad|gm5 and

O  Feed F methods

Fig. 3.5 Data science overview and structure ¢ The beSt about What, hOW and

why — insights and strategies



Objectives and possibilities:
- We do not know what we do not
know;
- Blind people can recognize an
elephant; :
- Do the right thing in the right form at l
the right time for the right people; |
- Make the impossible possible i

Indicators

Potentials:
- Data availability
- Data complexities

- Possible values and impact

- Organizational needs
- Unforeseen opportunitie

~

Critical challenges:
Couplings
Heterogeneity
Real-time

High invisibility
High frequency
High uncertainty
High dimensionality
Dynamic nature
Mixed sources
Web scale
Human-like thinking

State-of-the-art:

- Currently understandable level /degree

- Current analytics theories and tools
- Current technical capabilities

- Current talents/data scientists

- Current outcomes and benefits

>

Time

Fig. 5.1 Growing disciplinary gaps between data potential and disciplinary capabilities.

e l|dentify and
explore the
challenges and
gaps

e Different
designers deliver
different results

* Data science
thinking and
capability make
difference

Data science
thinking,
Springer, 2018



Data complexities
Behavior complexities

* E.g., deep learning on
small, noisy, inconsistent, - .

evolving case data
* Contextual factors: ethnic,

social, cultural, persona, ...
Epidemiological knowledge
on its transmission, ...

Pata sclence: Chalenags and

directions, Communications of the
X-Complexities ‘w/ X-Intelligences

ACM, 2017
nce, and X-opportunities.

Data science thinking, Springer, 2018

Fig. 1.3 The new X-generations: X-complexities, X-inte!



Complex environment/system/infrastructure

Complex
data Actionable
Complex .
A Simple Knowledge
theory . .
» » result » intelligence
M findin insight
algorithm & &
Complex
behavior

* Enterprise data science is a complex process and system
* Understanding and quantifying complexities is a major task for new strategic and value proposition



Enterprise Data Science



Degree of X-Complexities and X-Intelligence and Value

High

Low

Actionable
knowledge
delivery

Prescriptive
analytics

Predictive
modeling

Statistical
analysis

High Low

Level of Visibility, Automation and State-of-the-art Capabilities

Present enterprise
data science focus
on explicit and
descriptive
analytics
Enterprise data
science shift to
implicit and deep
enterprise-wide
analytics



Insight

Data

G: How and why did it happen?
A: Modeling/experimental design

G: What happened?
A: Historical analysis

G: What are the key driving factors?
A: Risk management/intervention

G: What is happening?
A: Detection/alerting

G: How and why it will happen?
A: Prediction/prevention

G: What will happen?
A: Prediction/forecasting

G: What's the next best action?
A: Optimization/recommendations

G: What best action to take?
A: Prescription

>

Data Decision _
Past Present Future Anytime ”
Known Known/unknown Unknown Known
Reactive Active Proactive On-demand
Understanding Detection Prediction Prescription

 What 2 why 2 how

* Lifelong: past = present - future
* Known =2 unknown = known -
* Reactive = active = proactive

* Understanding = detection = prediction = intervention

Data science
thinking,
Springer, 2018



Minor effort:

Major effort: Deep analytics
Shallow learning Advanced analytics
Descriptive analytics Implicit analytics
Explicit analytics % Specialised analytics
Off-the-shelf analytics

Sighted people
recognize elephant

Blind people
recognize elephant



We do not know what we do not
know: challenges, solutions, gaps,
opportunities

Know -2 Do Not Know

High

Blind CKI Unknown CKI
(Space O) (Space D)

Unknowns

Opportunities . .
— in Data Science

Complexities

Immaturity of Capability/Capacity

Distributions

Fig. 3.7 Data science: The unknown world.

Data science: Challenges and directions, Low
Communications of the ACM, 2017

. . . _ Fig. 3.6 Data science:
Data science thinking, Springer, 2018

8

Invisibility of Data/Physical Worlds

Known-to-unknown research evolution.

Do Not Know

Know

High



* Beyond fitting: data, model (parameter)
. . . . * Proper processes:
* Appropriate processes: sampling, validation etc. seimollin

* Appropriate thinking, theory, design, fitness, etc. validation etc.
* Proper thinking,

design, fitness,

@@

(a) Perfect fitting (b) Inadequate data fitting (c) Inadequate model fitting

Optimal Balance

Data science

| thinking,
Springer, 2018

(d) Limited fitting (e) Failed fitting

Total Error = Bias”2 + Variance + lrreducible Error _
L. Cao, Data science

thinking, Springer, 2018



Advanced
analytics

Transactions
Demographics
Behaviors
Communications
Interactions
Networks

Intent

Emotion

Advancement

Processing

Behavior

| analytics

Social

. | analytics /

Text
mining

Anomaly
detection

Data Pattern
mining recognition

Network

Machine ~ analytics

| learning

Cross-
source
analytics

Multimedia |
analytics

Advanced Analytics




Analytics
and
learning
techniques

I Represamtation learming l—

Bayeslan netwarks |-

Kermel machines |-

| Probabilistic graphical models
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Deep lsarming |—uqx N | :

Feature engineening

II ,f{ Dimensionality reduction ]
|I -
Wi
(]
[
[ 13 A Trend foracasting
[
! ;5-"
[ /i | statistical learning
[ =g

Tranzfer learning I

- -
Non-ilD learning [

Repularization f !

Actionable knewledge discovery ]—' ;

\ N
| A ’ Humerical computation ]

B

LB
|||'| 1! E.l'\
VB
LRSS
L1
| 'i - Graph theory
|1

I. ‘ Prabability theory

\i
| seatistical theory

o
-

=
i
il

F

i i
I i i ;
||| { i x/,—»{ Unsupervized learning ]....,?__-‘

.

Data science
foundations
Classic theories
and methods
Advanced
theories and
methods

Data science
thinking and
design



Popular shallow
classifiers may not
work well

Pros and cons
Fundamental
assumptions for
each method
Different design
methods
Semi-supervised
classification
Unsupervised
classification

Maive Bayes classifier

/{ Bayesian classification }c

/ ff[ Neural networks ]

!
fﬁ /
/ Mearest neighbor algorithms

II.' / f——*{ Instance-based method }ef\ Case-based reasoning
|

Fisher's discriminant analysis

;
/ = 7 . . 5
I Canonical discriminant analysis

"'——[ Discriminant analysis ]6;

'-.\ Stepwise discriminant analysis

Support vector machines

P . F
\ ‘*[ Kernel machines "‘i\ Multi-kernel learning

\ Classification and regression tree

\ /

[ C5.0
r - llr
Decision trees Q[r Chi-squared automatic interaction detection
"

I'.k Conditional decision tree




—{ Data science thinking }7

—{ Theoretical foundation }7

- Technical skills

Data science knowledge map and capability set

—{ Practices

—{ Communication

—{ Management

—l Leadership

Creative thinking
Critical thinking
Cognitive science
Imaginary thinking
Inferential thinking
Research methods

Statistics/mathematics

Data characteristics understanding
Data representation and modeling
Similarity and metric learning
Algorithms and models
Qualitative/quantitative analysis
Computing/computational science
Complexity analysis

Evaluation methods and enhancement
Meta-analysis/meta-synthesis

Data mining/Machine learning
Pattern recognition/computer vision
Behavior/social/economic analytics
Information system/management
Data preparation/exploration

Data management

Software engineering
Programming and platforms

High performance computing
Parallel/distributed computing
Networking and communication
Operations research
Human-machine interaction
Visualization and graphics

Data system/application development
Data manipulation and processing
Business-oriented analytics
Experimental design

Project development
Deployment and evaluation

Presentation/Story-telling
Reporting/documentation
Seminars/workshops

Reflection/refinement

Projects/resources

Quality assurance
Governance/organization
Roles/responsibilities
Risk/impact

Privacy and security

Social and professional issues

While it is impossible
to achieve everything
as we want,

it is hoped that the
MBA Innovation
Studio will empower
you with some of
enterprise data
science thinking,
knowledge,
experience, and
readiness



® & & & & ¢ & o o

Domain understanding
Constraint understanding
Data characteristics/complexities
understanding
Business-analytics problem
transformation

Data usage planning
Analytics project building
Data preparation

Feature engineering
Knowledge discovery
Insight extraction
Communications of results
Analytics operationalization
Solution marketing

Project management

Data Scientists

Data/system requirement engineering
Data system selection, installation,
maintenance, management

Data acquisition, extraction, integration
Data quality enhancement

Data transformation

Data matching, loading, and sharing
Data exploration

Enhance data competency

Analytics programming

Data discovery system development
Data discovery performance
enhancement

Computational performance
enhancement

Data-related social issue management
Data system risk management

Data Engineers

Responsibilities of Data Scientists
vs. Data Engineers

Everyone claims
to be a data
scientist or is
doing data science
So what about
you?



Data Economy & Case Studies



Data
economy
family

s

businesses

Sociology

o Culture
S
8 Law
3 Arts
~
Politics
History

"'Messaging
Social media

Retrieval

E-commerce



Chapter 9: 27 domains | ———
e Advertising 2
* Aerospace and astronomy Data
Arts, creative design and humanities
Bioinformatics

Consulting services

Ecology and environment

* E-commerce and retail

Education https://link.springer.com/content/pdf/
Engineering 10.1007%2F978-3-319-95092-1.pdf

Finance and economy

Science
Thlnklng

tific, Technolo
t.\m' I\lr

@ Springer



Chapter 9: 27 domains
 Gaming industry

* Government Da.ta

- Science
* Healthcare and clinics Thinking
* Living, sports and entertainment
* Management, operations and planning .
* Marketing and sales
 Medicine

. . . https://link.springer.com/content/pdf/
* Physical-cyber-social society, networks 10.1007%2F978-3-319-95092-1.pdf

* Publishing and media



Chapter 9: 27 domains

e Recommendation services Data

* Science Science

* Security and safety Th'" Ing

* Social sciences and problems

 Sustainability

* Telecom and mobile services , ,
https://link.springer.com/content/pdf/

 Tourism and travel 10.1007%2F978-3-319-95092-1.pdf

* Transportation

E

@ Springer




Domain
data
model-
driven

_ Sampling
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Data characteristics
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Exploratory analysis

v

|
Statistical repre sentation

Random

‘oo

Formal statistical models

Regularity Variability . Parameters
g T variables
l T i Naoise
Data indication i |
psrves | A
ey Unobserved ! Hypothesis testing
- Data - Data il
- Mechanisms - Mechanisms ] g
_ Featuras Py Processes Distributions
i Parameters

Algarithms Parameters
"F;—| Madels Parameters
Conclusions :
i Conclusions
s o |
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Inferring

Data-driven exploratory analysis

Model-driven statistical modeling



* Interestingness & actionability

Intlp) = 1t (p). bip))
Int{p) = tu0x. 7))~ L(x, p) Aoba{x,p) oo badx, p)

Tnt(p) — Tiea), ia0). 0ol 0. B )
=il ) + Bt )+ b () + aba()

AK pemmeM O plInt(p))
Ok )+ OB +
Ofyhol )) + Olaba ()]

act(p) = Opp(Int(p))
et () + O BELp)) +
O(yb,(p)) + O(dba(p))
g

) I|-:iJ-"'|' + h;‘""’

Table 3. Measurement of interest of data-driven versus domain-driven data mining.

Interest Traditional Data-Driven Domain-Driven
Technical  OPbiective Technical objective tech_obj() Technical objective tech_obj()
Subjective  Technical subjective tech_subj()  Technical subjective tech_subj()
Business Obj(?ctiye — Bus%ness obje.:cti\.fe b?lz._obj()'
Subjective — Business subjective biz_subj()
Integrative — Actionability act()
* Technical and business evaluation
e Objective and subjective evaluation
([ ]

Holistic/systematic evaluation

Knowledge Actionability: Satisfying Technical and Business Interestingness,
International Journal of Business Intelligence and Data Mining (1JBIDM)



e Combined
sources/patterns/methods, etc.
* Pair patterns

P:{ 'P{

e Cluster patterns

X1 =1
X, — T,

Xp
Xp

— T

M ){l_’. 7 T3

X, — 1T

X, — T

* Derivative patterns

T
AXey — Ty
A ){e.l A ){L*..'.Z 7 ir:'_;-

M ){C.l M ){Lz,'.z Moo A ){Lz_,f.'—]_ 7 Tltt'

Combined Mining: Analyzing

An Example of Combined Pattern Clusters

Clusters | Rules Xp X. T\ Cnt|Conf| I;| I.|Lift|Conty|Conte| Liftof| Lift of
demographics | arrangements | repayments (%) ANp—=T|Xo =T
Py | Ps | maritalsin | uregular [cashorpost|A| 400 83.0({1.12{067|180] 101 200 0.90 1.79
Fg | &genderF | withhold |cashorpost|A| 3201 78.4{1.00 170] 089 189 0.90 1.90
Pr | &benefitN | withhold & |cashorpost| B| 119 804|121 2280 133] 206 1.10 171
wregular | & withhold
Py withhold |cashorpost| B| 643 61.2|1.07 L73) 119 137 110 1.46
& withhold
Fy withhold & [withhold & [B| 237] 60.6[0.97 L7I] 1071 I3 110 1.60
vol deduct | direct debit
Pig cash agent |C| 33| 600[112 323 L18] 307 1.05 274
Ps | Py age:03+ withhold  |cashorpost| A|1980| 93.3|0.86|0.59] 2.02 1.06] 163 1.24 1.90
Fia uregular  [cashorpost|A| 462] _B8.7[0.87 1921 T.08] 153 124 L.79
Pig withhold & |cash or post| A y%.’f’ 0.96 186 118 130 124 1.57
irregular
Pyy withhold & | withhold |C 6331291 3401 247] 401 0.5 .38
wregular X

——MSCM-AKI

Fig. 5. Multisource + combined-mining-based AKD.

Flexible Frameworks for Actionable
Knowledge Discovery, IEEE Trans.
on Knowledge and Data
Engineering

Combined Mining: Analyzing Object
and Pattern Relations for
Discovering and Constructing
Complex but Actionable Patterns


https://datasciences.org/publication/DMKD-combinedmining.pdf
https://datasciences.org/publication/DMKD-combinedmining.pdf

Conditional impact ratio (Cir)
Cir(QT|P)
Prob(QT| P)
~ Prob(Q|P) x Prob(T|P)
Prob(PQ — T))/Prob(P)
~ (Prob(PQ)/Prob(P)) » (Prob(P — T)/Prob(P))
Prob(PQ — T)/Prob(PQ)
- Prob(P — T)/Prob(P)

Conditional Piatetsky-Shapiro’s (P-S) ratio (Cps)

Cps(QT|P) = Prob(QT|P) — Prob(Q|P) x Prob(T|P),
N Prob(PQ — T) - Prob(PQ) " Prob(P —T)

P?‘ob(P) Prob{P) P?‘ob{P)
Business impact and utility
=% h % p.ow oy u v
% Z e e zAakPrice._ *AskVolume, - EBidPrice_. ‘E‘Bidvclmnej
185 = EH}: |>< 132' o 2R TR=-2 H
Totallnvestment

SR=(R,-R;)/ 0, IR = (; (Index,., - Index, )/Index, )/ n

Mining Impact-Targeted Activity Patterns in Imbalanced Data, IEEE Trans. on
Knowledge and Data Engineering, 20(8): 1053-1066, 2008
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Fig. 3. Dynamic charts showing the dynamics of incremental cluster patterns.

Mining Impact-Targeted Activity Patterns
in Imbalanced Data, IEEE Trans. on
Knowledge and Data Engineering


https://datasciences.org/publication/TKDE08.Final.pdf

e Qutcomes to be delivered by IID analytical/learning
methods/algorithms on non-IID data could be:

(b)
D Learning

{a) Learning
problem (c)
Non-fiD
Learning

. f‘
"‘\ A ~
\ s Os / / rjﬁr
~ —— / //’/ I,’JI
’-fia’""‘\



https://www.computer.org/csdl/magazine/ex/2022/04/09896785/1GP3MGcf2ik

Coupled Attribute Similarity Learning on Categorical Data, IEEE Transactions on Neural Networks

and Learning Systems, 26(4): 781-797 (2015)
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https://datasciences.org/publication/TNNLS-Wang15.final.pdf

Dave
PFA PFA PEA Af.tlon
—» - Treatment Delivered
Trigger .. Treatment .
Bl O] 1 Ndinne
New debtors Based on optimised
OSME outcome from Q
S models
DEBT COLLECTEN
N Dave’s Response

Payment In Full

DEBT NOT RESOLVED
L] Partial Payment
Inbound Call
Online Engagement
No Action

Recommend the best treatment pathway by continuously scanning of actions.

Existing debtors
NBA Dave’s Response
Triggers

A 4

DEBT NOT RESOLVED
Partial Payment

. Inbound Call
DellverEd Online Engagement

Personalized next-best action recommendation with multi-party in Channel - NoAion

interaction learning for automated decision-making, PLoS ONE,
17(1): e0263010, 2022

DEBT RESOLVED
Payment In Full



https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0263010
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0263010

---------------------------------------------------------------------------------------------------------------

Action-value C Reward } ______ !
ro(:, ) ,

function

Reward Prediction
Module

\___________/
Personalized cardidat
Representation s b
Actions Set EEWE
Module A
t
_______________________________________________________________________________________________________________ \_‘______,,/

Fig 2. The framework for modeling the next-best action-oriented personalized decision-making.


https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0263010
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0263010

Action Embedding Layer

D,
Learning Relatively
Stable Information

Y
=a‘3< [ N N
— 000
o000

Client
response
 Learn RN Decision
Learning "
Action-State | action
Interactions -

@

Fig 3. A reinforced coupled recurrent network to learn personalized client representation.

Historical
responses

Historical
actions


https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0263010
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0263010
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0263010

e Non-Markovian NBA recommendation

Table 2. Average reward lift for 10 actions recommended by 11 deep models over the review measured by domain-driven debt collection rules.

Model Al A2 A3 A4 A5 A6 A7 A8 A9 Al0 Total Avg |Action_ Avg
CRN_IMB 5 1 3.0534 2.8752 6.8 2.1415 2.6984 3.3567 1.6772 2.9969 2.5569 3.4599
CRN 2.1957 3.5383 2.2068 2.6616 3.216 2.074 2.326 2.6277 1.7654 2.3425 2.1942 2.4954
WD 2.604 1.5992 2.0979 2.2798 3.2239 | 1.9824 2.2629 2.6967 0.9899 2312 2.1089 2.2049
LSTM 0.9722 1.0987 0.9391 0.974 1.1272 | 1.0159 0.897 1.1097 1.1024 1.0847 1.0013 1.0321
WD_LSTM 2.0471 1.2731 1.9709 2.4755 2.2217 | 1.8129 2.0816 2.1909 1.1405 2.105 1.9198 1.9319
WD_Res_LSTM 1.7247 0.8219 1.7007 1.9816 2.4985 | 1.8164 1.9851 2.0921 0.8285 1.967 1.8488 1.7416
WD_Multi_LSTM | 1.684 1.0468 1.6591 1.774 1.6924 | 1.7083 1.671 2.1678 1.2222 1.8098 1.7161 1.6435
GRU 0.5783 0.0865 0.9852 1.1201 1.5022 | 09154 0.861 0.9463 1.0347 1.0416 0.9345 0.9071
WD_GRU 1.0049 0.6397 1.3454 1.7369 2.1271 | 1.6489 1.6049 2.1562 0.665 1.6602 1.611 1.4589
WD_Res GRU 1.4488 1.1333 1.7364 1.3479 2.2259 | 1.6932 1.7091 1.9582 1.2507 1.8869 1.7248 1.6391
WD_Multi_GRU 1.6329 1.8399 1.9114 1.7949 1.8781 | 1.8206 2.0276 1.7613 1.0508 2.2347 1.8959 1.7952
A_IMB 92.01% 117.40% | 45.55% | 16.15% | 110.92% | 8.03% | 19.25% | 24.47% | 34.10% | 29.62% 21.24% 56.92%
A -15.68% | 92.31% 5.19% 7.52% -0.25% | 4.62% 279% | -2.56% | 41.15% 1.32% 4.04% 13.18%




e Sampling non-lIDnesses
 Distributional vulnerability

* High confidence prediction on out-of-
distribution samples

original
TI=1
; H

label-discriminativ

'.i -0:.3

Label vs
. . . Distribu tond criminativ
distributional
fitting _‘ ) o _ _
el Fig. 1. The heat map of prediction confidence by ResNetl§ on CIFARI1OD.
malamute slot orange The embedding results are constructed by t-SNE [7]. Red points correspond to
Fig. 6.8 DRL: Heat maps of Grad-CAM for label- and distribution-discriminative rep- Uﬂiniﬂg in—diS[ﬁh‘Uliﬂn SE.ITI]]]ES. Yellow mgiﬂﬂﬂ CGT[E‘EPDHd Loy high Cﬂn[_]lj'l'.‘nm
resentations. A _ _ for predictions, while blue regions correspond to low confidence. ResNetl8
Rerl it c°““p°“s‘i;fe£‘_’=‘¥}£“§;fr:"iz RN assigns high-confidence predictions on samples located in the regions outside
N ) ) o ) the training in-distribution samples, i.e., out-of-distribution samples. It shows
Zhilin Zhao, Longbing Cao, Kun-Yu Lin. Out-of-distribution Detection by ResNet18 does not discriminate between in- and out-of-distribution samples.

Cross-class Vicinity Distribution of In-distribution Data, arXiv:2206.09385 The figure is best viewed in color.



* Network, distribution,
domain... vulnerability
* Face recognition: incorrectly

recognize a stranger as a
person authenticated by the

system
¢ DriVerIeSS Ccar: ad hlgh_ https://fee.org/media/27691/car_crash.jp
Confidence aCtion at an g?anchor=center&mode=crop&width=120
D . . 0&rnd=131672371490000000
unknown situation, which
should be passed to the ID: Authenticated OOD: Unauthenticated

human driver for handling, g
may cause a serious accident =Y . ¥

* Deep fake

I

Mistakenly récognized as



Concluding Remarks



High

Artificial intelligence = Human intelligence

Low

Understand

A New Age of Al: Features and Futures. IEEE Intell. Syst. 37(1): 25-37 (2022

Aims and tasks

Objects

Processors

Research areas
Intelligence paradigms
Milestones

Perceive

Uncertainty
Knowledge

FPGA

Simulate

) CPU
Observation

Logic

Reconstruct

Connectivity

Communicate

Govern
Think

Metasynthetic

Explain intelligence

Reflect
Decide

Optimize

System intelligence
Human intelligence

Governance

Intention Ethical Al

Reinforce

Behavior

Conversation
Sensing
Vision

Emotion intelligence

Attention Deep learning
TPU /Algorithmic intelligence
Exggﬁgﬁggk Recommender systems
Architecture Neural NLP
Algorithm Deep neural nets
Program Social intelligence
Data Data intelligence
Emotion ‘Bigdata’ .
Memorization Networking intelligence
Deep belief nets

Data science

Natural intelligence
Evolutionary computation/Fuzzy set
Behavioral intelligence
Robotics/Intelligent agents

Learning intelligence

CVPR/KDD/Machine learning/NLP

intelligence

Probabilistic reasoning

Connectioni
Expert systems/Knowle

ge engineering

Symbol Symbolic intelligence
Hypothesis Symbolic reasoning
‘Artificial intelligence’

S
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https://www.computer.org/csdl/magazine/ex/2022/01/09756272/1CvQpwmNP0s

* How can Al enable blind people
to tell a genuine story about
elephant?

Beyond IID thinking
Couplings between parts
Heterogeneities between parts

From touching/representation -
analysis = reasoning/inference
— summarization/integration

Local — global picture (known =
unknown)/optimization




Methodology

Creative/logical thinking

e Critical/disruptive thinking

Scientific thinking
Design patterns

Longbing Cao

Data

Science
Thinking

Outcome

Sound, rationale, ethical results
Impactful evidence or indication
Actionable knowledge, insights

Decision-making actions




www.datasciences.org

David Donoho. 50 years of data science.

Longbing Cao: Data Science Thinking, Springer, 2018. https://www.springer.com/us/book/9783319950914

Data Science: A Comprehensive Overview. ACM Computing Surveys, 50(3), 43:1-42,
2017. https://arxiv.org/abs/2007.03606

Data Science: Nature and Pitfalls. IEEE Intelligent Systems, Volume: 31, Issue: 5, 66-75,
2016. https://arxiv.org/abs/2006.16964

Data Science: Challenges and Directions. Communications of the ACM, Vol. 60 No. 8, Pages 59-68,
2017. https://arxiv.org/abs/2006.16966

Data Science: Profession and Education. IEEE Intelligent Systems, 34(5): 35-44, 2019.
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3755747

https://link.springer.com/content/pdf/
10.1007%2F978-3-319-95092-1.pdf


http://dl.acm.org/citation.cfm?id=3076253
http://ieeexplore.ieee.org/document/7579413/
https://cacm.acm.org/magazines/2017/8/219605-data-science/fulltext
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3755747

www.datasciences.org

Data Mining for Business Applications, ISBN: 978-0-387-79420-4, Springer, 2008

Al in Finance: Challenges, Techniques and Opportunities, SSRN, 1-40, 2021

Data science and Al in FinTech: An overview. Int. J. Data Sci. Anal. 12(2): 81-99, 2021

Effective detection of sophisticated online banking fraud on extremely imbalanced data, World Wide Web,
16:449-475, 2013

Copula-Based High Dimensional Cross-Market Dependence Modeling, DSAA2017 Research Track, 734-743,
2017

An effective contrast sequential pattern mining approach to taxpayer behavior analysis, World Wide Web
19(4): 633-651, 2016

Personalized next-best action recommendation with multi-party interaction learning for automated
decision-making, PLOS One, 17(1): e0263010, 2022

Table2Vec-automated universal representation learning of enterprise data DNA for benchmarkable and
explainable enterprise data science. Sci Rep 11, 23957, 2021
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