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Fundamentals in digital 
innovation/economy, 
industry 4.0, new age of 
AI:
• Data-driven
• Intelligence-driven

• Data intelligence
• Ubiquitous 

intelligences
• Human-machine 

intelligences

Fourth industrial revolution/Industry 4.0 Data Science Thinking: The Next Scientific, Technological and Economic Revolution, 
ISBN: 978-3-319-95092-1, Springer International Publishing, 2018

https://www.springer.com/us/book/9783319950914


Data Science Concepts



50 Years of data 
science: an 
immature discipline

D. Donoho, “50 Years of Data 
Science,” 2015; 
http://courses.csail.mit.edu/18.337/2
015/docs/50YearsDataScience.pdf

L. Cao. ACM Computing 
Survey, 2017

L. Cao. IEEE Intelligent 
Systems, 2016

L. Cao. Communications of 
the ACM, 2017

L. Cao. IEEE Intelligent 
Systems, 2019

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



Scientific paradigms – the era of data



What is data science?



Data science: converting data to 
intelligence/wisdom
• Data intelligence
• 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



Paradigm shift: Well-developed data analysis   
 Immature data science

L. Cao. Data 
science 
thinking, 
Springer, 2018



Data science 
processes

• Not necessary 
80:20 rule

• End-to-end 
solution

• Thinking, design, 
and actionability

• Embed data 
processing and 
feature 
engineering in 
learning



Data science/analytical thinking

• Scientific thinking
• Data-oriented critical and 

creative thinking
• Individualized  holistic 

systematic design
• From methodologies, 

processes, structures, designs 
to evaluation, deliverables

• Design thinking in analytics 
and learning paradigms and 
methods

• The best about what, how and 
why – insights and strategies



Gaps: complexities vs. capabilities/capacity

Data science 
thinking, 
Springer, 2018

• Identify and 
explore the 
challenges and 
gaps

• Different 
designers deliver 
different results 

• Data science 
thinking and 
capability make 
difference



X complexities
X intelligences
X analytics
• E.g., deep learning on 

small, noisy, inconsistent, 
evolving case data

• Contextual factors: ethnic, 
social, cultural, persona, …

• Epidemiological knowledge 
on its transmission, …

Data science: Challenges and 
directions, Communications of the 
ACM, 2017
Data science thinking, Springer, 2018



Complex real world 
vs. often simple, specific solutions and results

• 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



Analytics 
spectrum

Reporting

Statistical
analysis

Alerting

Forecasting

Predictive
modeling

Optimization

Prescriptive
analytics

Actionable
knowledge 

delivery

Objective: We know what we know

Metaphor: Sighted people recognize elephant

Era 1: Explicit analytics/descriptive analytics
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• Present enterprise 
data science focus 
on explicit and 
descriptive 
analytics

• Enterprise data 
science shift to 
implicit and deep 
enterprise-wide 
analytics



Data Insight/Decision

Data science 
thinking, 
Springer, 2018

• What  why  how
• Lifelong: past  present  future
• Known  unknown  known 
• Reactive  active  proactive
• Understanding  detection  prediction  intervention



Big data analytics era

Sighted people 
recognize elephant Blind people 

recognize elephant

Analytics Spectrum

Major effort:
Shallow learning
Descriptive analytics
Explicit analytics
Off-the-shelf analytics
… 

Minor effort:
Deep analytics
Advanced analytics
Implicit analytics
Specialised analytics
… 



Explore the 
unknowns

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

Data science thinking, Springer, 2018

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



L. Cao, Data science 
thinking, Springer, 2018

Fitting gaps between model capacity vs. data potential
• Beyond fitting: data, model (parameter)
• Appropriate processes: sampling, validation etc.
• Appropriate thinking, theory, design, fitness, etc.

Data science 
thinking, 
Springer, 2018

• Proper processes: 
sampling, 
validation etc.

• Proper thinking, 
design, fitness, 
etc.



Analytics 
evolution

Advanced 
analytics

• Transactions
• Demographics 
• Behaviors
• Communications
• Interactions 
• Networks 
• Intent
• Emotion 



Analytics 
and 
learning 
techniques

• Data science 
foundations

• Classic theories 
and methods

• Advanced 
theories and 
methods

• Data science 
thinking and 
design 



Classifiers 

• Popular shallow 
classifiers may not 
work well

• Pros and cons
• Fundamental 

assumptions for 
each method

• Different design 
methods

• Semi-supervised 
classification

• Unsupervised 
classification 



Knowledge 
map & 
capability 
set of a 
qualified 
data 
scientist

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



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



Case studies - discussion

Chapter 9: 27 domains
• Advertising
• Aerospace and astronomy
• Arts, creative design and humanities
• Bioinformatics
• Consulting services
• Ecology and environment
• E-commerce and retail
• Education
• Engineering
• Finance and economy

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



Case studies - discussion

Chapter 9: 27 domains
• Gaming industry
• Government 
• Healthcare and clinics
• Living, sports and entertainment
• Management, operations and planning
• Marketing and sales
• Medicine
• Physical-cyber-social society, networks 
• Publishing and media

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



Case studies - discussion

Chapter 9: 27 domains
• Recommendation services
• Science
• Security and safety
• Social sciences and problems
• Sustainability
• Telecom and mobile services
• Tourism and travel
• Transportation 

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



Domain, 
data + 
model-
driven
statistical 
inference



Evaluation - Knowledge actionability

• Interestingness & actionability

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

• Technical and business evaluation
• Objective and subjective evaluation
• Holistic/systematic evaluation 



Combined mining

• Combined 
sources/patterns/methods, etc.

• Pair patterns

• Cluster patterns

• Derivative patterns
• 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

Many classic methods may not be actionable: Frequent pattern 
mining and association rule Combined Mining: Analyzing Object and Pattern Relations for Discovering and 

Constructing Complex but Actionable Patterns, WIREs Data Mining and Knowledge 
Discovery, 3(2): 140-155, 2013

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


Impactful & impact-target collective behaviors
• Conditional impact ratio (Cir)

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

• Business impact and utility

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

Mining Impact-Targeted Activity Patterns in Imbalanced Data, IEEE Trans. on 
Knowledge and Data Engineering, 20(8): 1053-1066, 2008

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


Beyond i.i.d. – Non-IID learning

• Outcomes to be delivered by IID analytical/learning 
methods/algorithms on non-IID data could be:
- incomplete
- biased, or even
- misleading

Beyond i.i.d.: Non-IID Thinking, Informatics, and Learning. 
IEEE Intell. Syst. 37(4): pp. 5-17, (2022)

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


Clustering

Objective functions:
-K-means 

-FCM

Note:
- Xj Individual 
objects only!

Question:
- How about Xj1 and 

Xj2 dependent?

IID K-means

Coupled Attribute Similarity Learning on Categorical Data, IEEE Transactions on Neural Networks 
and Learning Systems, 26(4): 781-797 (2015)

https://datasciences.org/publication/TNNLS-Wang15.final.pdf


NBA 
Treatment 

Decision

Delivered 
in Channel

NBA 
Triggers

NBA 
Treatment 

Decision

Existing debtors

Recommend the best treatment pathway by continuously scanning of actions.

SME 
Owner

Dave PFA 
Treatment 

Decision

PFA 
Trigger

PFA 
Treatment

Action 
Delivered 
in Channel

Based on optimised 
outcome from 

models

New debtors

DEBT COLLECTED
Payment In Full Dave’s Response

DEBT NOT RESOLVED
 Partial Payment 
 Inbound Call
 Online Engagement
 No Action

Dave’s Response

DEBT NOT RESOLVED
 Partial Payment 
 Inbound Call
 Online Engagement
 No Action

DEBT RESOLVED
Payment In Full

Non-linear, Tailored Client Engagement

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

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


PNBA learning framework

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

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

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


Learn personalized interaction representation

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

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

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


PNBA: Case studies

• Non-Markovian NBA recommendation



Sampling non-IIDness in deep networks

• Sampling non-IIDnesses
• Distributional vulnerability
• High confidence prediction on out-of-

distribution samples

Zhilin Zhao, Longbing Cao, Kun-Yu Lin. Out-of-distribution Detection by 
Cross-class Vicinity Distribution of In-distribution Data, arXiv:2206.09385

Label vs 
distributional 
fitting



Various vulnerabilities of deep networks

• Network, distribution, 
domain… vulnerability

• Face recognition: incorrectly 
recognize a stranger as a 
person authenticated by the 
system

• Driverless car: a high-
confidence action at an 
unknown situation, which 
should be passed to the 
human driver for handling, 
may cause a serious accident

• Deep fake

ID: Authenticated OOD: Unauthenticated

Mistakenly recognized as

https://fee.org/media/27691/car_crash.jp
g?anchor=center&mode=crop&width=120
0&rnd=131672371490000000



Concluding Remarks



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

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


We do not know what we do not know

• How can AI 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



Data science thinking matters

Methodology

Design

Outcome

• Creative/logical thinking
• Critical/disruptive thinking
• Scientific thinking 
• Design patterns

• Synthesizing 
• Domains, data, models, 

paradigms
• X complexities
• X intelligences
• X analytics
• X opportunities

• Sound, rationale, ethical results
• Impactful evidence or indication
• Actionable knowledge, insights
• Decision-making actions
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