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* Leverage emerging technologies

to build new business systems,
ion business models, consumer &
employee experience

*Improve business
processes by leveraging
digital technologies (e.g.
APIs, data, cloud etc.)

* Transition from
analog to digital.
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“Big
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Fig. 1 The Internet of Events (IoE) is based on the Internet of Content (IoC), the Internet of

People (1oP), the Internet of Things (IoT), and the Internet of Locations (loL)



CONFIGURATION ©® & ®

PROFIT MODEL

The New York Times pivoted from its traditional
ad-driven media model to digital user subscriptions.
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STRUCTURE

NETWORK

Henry Ford was one of the first industrialists to
control his entire supply chain, a strategy later
called vertical integration.

PROCESS

Google's “20% rule”, which allowed employees to
work on side projects, led to the creation of Gmail
and Google News.
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McDonald’s franchisees were encouraged to develop
and launch their own new food items, leading to wins
such as the Egg McMuffin.
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PRODUCT PERFORMANCE

Spotify created a seamless music streaming product
that lapped competitors in terms of speed,

responsiveness, and user experience.
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PRODUCT SYSTEM

Apple has built an extensive ecosystem of
products that work together, creating additional

value for users.
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EXPERIENCE © © © O

SERVICE

Amazon Prime comes with free expedited shipping,
which can have products come as fast as within
2 hours in some metro areas.

ime
pri c ﬁizft%

BRAND

Patagonia’s brand activism and links to
environmental causes gives it a unique position
in the outdoor apparel market.
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CHANNEL

Nespresso locks in customers with its Nespresso
Club, as well as through ongoing sales of
single-use coffee pods.
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CUSTOMER ENGAGEMENT

Mercedes has launched an augmented reality
owner’s manual that replaces its bulky predecessor
while also highlighting driver and car data.
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Review,
Test & Implement Update

To-Be Analyze As-Is

Design To-Be




Develop Vision and

Objectives
Ongoing
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Improvement Existing
. Processes
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Risk

Waterfall Project »

Project Timeline

Agile Project »
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Different
types and forms of
data, including

VELOCITY large amounts of

Speed at which
data are
generated and
analyzed

unstructured data

VARIETY

Potential of big
data for
socio-
economic
development

Level of
quality,
accuracy and
uncertainty of
data and data
sources

VERACITY

VOLUME

Vast amounts
of data
generated through
large-scale
datafication
and digitization of
information




Roles of data science in Judical process

e Facilitate fairness

e Detect anomaly and fraud
 Prevent crime and anomaly

e Regulatory Impact Assessment



Equality doesn't mean Justice

This is Equality This is Justice



FProbability of Caorrect Response

Test Fairness
Differential Item Functioning

Item Characteristic Curve: Uniform DIF
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Probability of Carrect Response

Item Characteristic Curve: Non-Uniform DIF
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Educational Measurement

125 UES ANMDO FHACTICE

Educationa Measurement: Issues and Practice
Fall 2017, Val. 36, No. 8, pp. 46-57

Differential Prediction in the Use of the SAT and High School
Grades in Predicting College Performance: Joint Effects of Race
and Language

Oren R. Shewach, University of Minnesota, Winny Shen, University of Waterloo
Paul R. Sackett and Nathan R. Kuncel, University of Minnesota
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Sex Bias in Graduate Admissions:
Data from Berkeley

Measuring bias is harder than is usually assumed,
and the evidence is sometimes contrary to expectation.

P. I. Bickel, E. A. Hammel, J. W. O'Connell

Dr. Bickel i professor of  stadisties, Dr
Hammel is professor of anthropology and associ-
ate dean of the Graduate Division, anmd M.
O"Connell is a member of the data procossing
#aff of the Graduate Division, at the University
of California, Berkeley 94720,
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female applicants. About 44 percent
of the males and about 35 percent of
the females were admitted. Just this
kind of simple calculation of propor-
tions impels us to examine the data
further. We will pursue the guestion

Men

Women

Applicants Admitted

8442
4321

would occur by chance alone. The
chi-sguare value for this table is 110.8,
and the probability of a chi-square
that large (or larger) under the as-
sumptions noted is vanishingly small.

We should on this evidence judge

SCIENCE, VOL. 187

44%
35%

Table 1. Decisions on applications to Graduate Division for fall 1973, by sex of applicant—
naive aggregation. Expected frequencies.are calculated from the marginal totals of the observed
frequencies under the assumptions (1 and 2) given in the text. N = 12,763, * = 110.8,
df. =1, P=10 (I158).

Outcome
Difference
Applicants Observed Expected
Admit Deny Admit Deny Admit Deny
Men 3738 4704 3460.7 4981.3 277.3 — 2773
Women 1494 2827 1771.3 2549.7 — 2773 277.3




Department

m m O O W P

Men

Applicants Admitted

825
560
325
417
191
373

62%
63%
37%
33%
28%

6%

Women

Applicants Admitted

108

25
593
375
393
341

82%
68%
34%
33%
24%

7%

Table 2. Admissions data by sex of applicant for two hypothetical departments. For total,
' =571, df. =1, P=10.19 (one-tailed).

Qutcome
Difference
Applicants Observed Expected
Admit Deny Admit Deny Admit Deny
Department of machismatics
Men 200 200 200 200 0 0
Women 100 100 100 100 0 0
Department of social warfare
Men 50 100 50 100 0 0
Women 150 300 150 300 0 0
Totals
Men 250 300 229.2 320.8 20.8 — 20.8
Women 250 400 270.8 379.2 — 208 20.8




Gender

M ale

Female

Admitted

=

Rejected

Admitted

Rejected

Student admissions at UC Berkeley

C o
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Admitted

E
Rejected
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Rejected

Dept
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Fig. 1. Proportion of applicants that are women plotted against proportion of appli-
cants admitted, in 85 departments. Size of box indicates relative number of applicants
to the depariment.



There is no crime without any trace!

-Large deviation from normal or average man or cluster.
-Large deviation from past behavior.

-Inconsistency with themselves and surroundings.
-Repeated anomaly pattern.

-Caution on statistical detection of cheating and anomalous detection



Large deviation from normal or average man or cluster.

Outlier Analysis

Percent

0 Loss



Large deviation from normal or average man or cluster.
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Large deviation from past behavior.

LOSS58 = f(Frequency,., Severity,, ICD-10,., ICD-9,,

57

,ICD-10.,,, ICD-9.., age, gender)

58’ 58’

Loss,, Under Predict (Fraud or abuse)

58

Predictors



Large deviation from past behavior.

TOEFL time 2

Under Predict (Fraud or abuse)

TOEFL time 1



Inconsistency with themselves and surroundings.

-Low ability test taker can answer difficult item.
-K-index for copying! Eight dimensions

-Scoring test with contaminated response vector
-Influence function + Robust estimators
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Repeated anomaly pattern.

Probability 1.0
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Caution on statistical detection of cheating

AR UEIWET (State of Nature)
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Caution on statistical detection of cheating

A1779% 2 AN 1 Arudmns sauandasu uazkaaulasnlunIRnsitlsda raeadanigeynszfiauny

nintduisa
HNV+ HM-
HANIATIR Hiv+ 997 (99.7%) 3 (0.3%)
HMN- 3 (0.3%) 997 (99.7%)

e Positive Predictive Value: PPV

AN 1A N
(A lxA2mEN) + (1—A20 1) = (1—A213TN)

.997+.0055 .997 = 30

(.997+.0055)+(1-.997)+(1—-.0055) ‘ (.997 *.30) + (1 —.997) = (1 — .30)

64.76 % 99.30%



Caution on statistical detection of cheating

e Statistical evidence as a red flag or warning

e Physical evidence is always needed.

e Early detection, protection, and prevention.

e Bayesian flip is needed.

P(A|B) =

_ P(B|A) P(A)

P(B)

P(Cheating=Yes | Detection=Yes)
P(Detection=Yes|Cheating=Yes)
P(Cheating=No | Detection=No)
P(Detection=No|Cheating=No)

P(Cheating=Yes|Detection=Yes)=P(Detection=Yes| Cheating=Yes)*P(Cheating=Yes)

P(Detection=Yes)
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Global versus Local Outlier
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Local Outlier

\ Global Outlier

Mahalanobis Distance
K Nearest Neighbors
Cluster Analysis



LOF scong

Local Outlier Factor (LOF)
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LOF

LOF = Local density of k neighbor/Local density of its own point
The Higher LOF = the more extreme local outlier!!!!

Determine sigma (radius / reachable distance around point) so
that we can count k neighbor.

Local density for point = numbers of points within reachable
distance/sum of distance between points and all k neighbors

-y
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N 145 8472 density.default(x = Cust_txn{
Minimum 1.0529 =N
Lower Quartile 3.8028
Mean 6.6356 o
Median 56134 | 2
Upper Quartile 8.3377 -
Maximum 50.6028 g |
Skewness 1.8527
Std Dev 3.9917 s _
Std Error 0.0105 = —— | |
Median+2.5(Q3-01) | 16.9508 ’ e N:j;842 Ba::mdth:ozm
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Median+2.5(Q3-Q1) 16.9508 142,170 3,672 3%




a q
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RMS Maximum Distance
Max cluster | Cluster | Frequenc Standard Ristaliceliiom Radius NEEIEDT SETIEEL
9 y . Seed to Exceeded Cluster Cluster
Deviation . )
Observation Centroids
1 3,406 0.6395 13.9509 > Radius 5.5332
3 2 97 2.8941 28.1499 > Radius 7.8612
3 169 1.4675 27.3884 > Radius 5.5332
Observed Approx. Expected Cubic
Pseudo .
E Statistic R-Squared R-Squared Clustering
Over-All Over-All Criterion
477.1300 0.2064 0.1047 108.2590
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Cluster group Normal 1 2 3
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FIUIUSUIAN5TYINN1538 -0.0003 |-0.1955| 1.4258 | 3.3523
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FIUASNEIFUTILLLUSEGaY -0.0001 |-0.0216| 0.5261 | 0.1808
wignlszAuvilsrunnnsusssiiiidinisang -0.0003 |-0.0350| 1.2317 | 0.2602
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Intelligence and Information n :
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ROAD SAFETY AND DAYTIME RUNNING LIGHTS

4 concise overview of the evidence

Paper presented to the Joint Meeting of the ECMT's Road Safety Committee

and Committee for Road Traffie, Signs and Signals, The Hague, The
Netherlands, 15 March 1989

by

M.J. Eoornstra, Director

SWOV Institute for Road Safety Research, The Netherlands

Source Method Vehicle type  Area Effect
Cantilli (1965, 1970) control group cars New York - 18%
Allen & Clark (1964) before/after buses UsSA - 12%
id. id. buses Canada - 24%
Attwood (1981) beforefafter lorries Usa - 32%
id. control group taxis USA - 7%
Stein (1984) control group Cars Usa - 22%

Table 4. Effects of DRL at large fleet-owners in MNorth-America.

R-B9-4
Leidschendam, 1989
SWOV Institute for Road Safety Research, The Netherlands
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Table 1

Vehicle characteristics by DEL status

Std. DRL, year 1995+, N=37,909 (%) No std. DRL, year 1995+, N'= 146,728 (%)

Vehicle type

Automobile

Pickup

Van

Tvpe of accident®
Collision with vehicle
Collision with train
Collision with bike
Collision with pedestrian
Diagram®

Rear end

Sideswipe passing

Left turn into oncomming
Fan off road. left side
Right angle

Right turn mto cross traffic
Fan off road, right side
Head on

Sideswipe opposing

29,750 (78.5)
5,600 (14.8)
2,559 (6.8)

34,475 (90.9)
15 (<0.1)
358 (0.9)
230 (0.6)

13,721 (36.2)
2,396 (6.3)
2,412 (64)

539 (1.4)
7.979 (21)
218 (0.6)
728 (1.9)
499 (1.3)
406 (1.1)

07,317 (66.3)
30,959 (21.1)
18.452(12.6)

133,892 (91.3)
30 (<0.1)
1,379 (0.9)
011 (0.6)

52,700 (35.9)
0,379 (6.4)
0,723 (6.6)
2,145 (1.3)

30,347 (20.7)

814 (0.6)
3.0192.1)
2,147 (1.3)
1.612 (1.1)
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Assessing Violence Risk in Stalking Cases:
A Regression Tree Approach

Barry Rosenfeld' > and Charles Lewis'

Table 1. Vanables Included in CART Models

Model 1 Model 2 Model 3

Age (under 30 years) Age (under 30 years) Age (under 30 years)

Education (<high school) Education (<high school) Education (<high school)

Threatened victim Threatened victim Threatened victim

Prior intimate relationship Prior intimate relationship  Prior intimate relationship

Revenge motivation Revenge motivation Revenge motivation
Psychotic disorder Psychotic disorder
Personality disorder Personality disorder
Substance abuse history Substance abuse history
Criminal history Criminal history

Prior violence

Below average intelligence
Gender

Foreign born
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Fig. 1. Tree model predicting violence: Model 1.
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Fig. 3. Tree model predicting violence: Model 2.



Table 3. Logistic Regression Models

B p
Model 1
Age (under 30 years) 1.01  .008
Education (<high school) 1.21 001
Threatened victim 0.86 .03
Prior intimate relationship 1.26  .0002
Revenge motivation 0.79 .07
Model 2
Age (under 30 years) 099 .M
Education (<high school) 1.28 0007
Threatened victim 0.84 .03
Prior intimate relationship 142 .0002
Revenge motivation 052 .15
Psychotic disorder -0.09 .79
Personality disorder -0.11 .80
Substance abuse history 029 43
Criminal history -0.57 12
Model 3
Age (under 30 years) 093 .02
Education (<high school) 1.17  .003
Threatened victim 0.88 .03
Prior intimate relationship 1.40  .0003
Revenge motivation 047 21
Psychotic disorder -0.15 .66
Personality disorder -0.10 .82
Substance abuse history 036 .33
Criminal history -0.76 .07
Prior violence 040 .37
Below average intelligence 053 .33
Gender -0.17 .73

Foreign born 0.04 88
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o nauuIUALIY nauuuauUN®
AT : : t-test p-value
N M SD N M SD
ANIUAILATIVLNAULNLENG 96 1094 504 | 324 1252 437 | 3.01 .00
IUIUASITLUISUNNSUIUAT SEUVEIAT bR 102 059 087 | 326 021 071 |-4.39 .00
IUIUATIVLVISUNNTUIUAM STUUAY 102 0.09 032 | 326 0.03 0.18 | -2.40 02
IUIUATITLVISUNTUIUAT SEUUUIAU 102 039 069 | 326 039 097 |-0.03 98
IUIUASINTISUNITUIUAT SEUUABIINY 102 0.11 037 | 326 063 0.67 | 7.60 .00
UIUATINLITUNTUIUATI 102 119 1.30 | 326 127 147 | 0.50 62
SULUUAMIENWULUUIIUAY 98 391 079 | 323 390 0.79 | -0.05 96
FULUUANMURA UL UUNGIER 97 297 105 | 322 322 101 | 2.15 03
;TLJLmumnwﬂﬁmmummmu 9r 314  1.05 323 3.19 0.91 0.38 M1
FULUUANURANULUUNIIANG o7 273 118 | 322 273 101 |-0.43 97
anunInilalunue 99 29.48 447 | 326 2820 430 |-259 .01
ATANLARLAEN 99 1107 230 | 326 10.70 175 |-172 .09
‘vgumﬁﬁﬂﬂ 99 3437 508 | 326 3521 4.49 1.57 12
NEANTTULALS 99 2637 8.00 | 326 2932 6.29 | 3.82 .00
AnfulalunisinsunisunUe 98 852 150 | 324 826 151 |-1.49 14
NAuARTIIAD LUTLATIUIUA 98 21.61 251 | 324 2042 332 |-327 .00
AMUABLUBIUNISISUAISUIUN 98 12.06 1.80 | 32 11.19 226 | -3.47 .00
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n15UNUAUNG
. s19lé (F2anfneLaNGA)
etILe lsisAiu 10,000 111n31 10,000 57 z P-value
UNUALTNUY 82 12 94 5336 000
Souay 87 13 100
U1UAUNf 144 179 323
Souay 45 55 100
593 226 191 417

M157991 9.3 ANLANA1ITENINTIEleUagiuresnguilasunisUnUautuiunguilasunisuiun

Un6
. o s18la (Jagliu)
A19UUA — , 7’ P-value

lsisiu 10,000 111N21 10,000 594

YruaLuugy 78 17 95 16.11 .000

$08aY 82 18 100

Y1Uunaunf 298 16 314

Souay 95 5 100

34 376 33 409




A151991 9.5 LuudnasiuigaNuaIlalunIsnaunEngl Anszvlaglals Stepwise

Model B Beta SE t P-value
(Constant) 9.42 1.68 5.59 .00
WEOANTTALALS 014 21 0.03 4.35 .00
viauARninalUsunsut1n 033 -23 006  -5.29 00
NSVILLENHR 1.88 .19 0.45 a.20 .00
NNSAADUANINELD19B9 029 .21 0.06  4.47 00
NISVILLLANAALNS 1ZANTNLIAA DT NEANGA 1.79 .13 0.65 2.76 01
N5 LEANFALNT 12U IATEUAST 221 -11 0.86 -2.56 01
SULUUAENITLLUURIIANG 048 .11 0.19 2.45 02

R-Square = .334 |, F(7353 = 25.294, p-value = .000

A151991 9.6 LUUINaeIUIgIIUIUASIIIISUNSUNURELATla Ainszilnelels Stepwise

Model B Beta SE t P-value
(Constant) .85 26 3.30 001
N1SUNUAR UL 41 21 10 4.23 .000
AaIAiTlalun e -.02 -14 01 277 006
N5 LLEANAALNS1IUYIATEUASY 40 13 16 2.07 014
NISLEWS UANAALNS 1IZENTNLINA DT LANGA 25 12 11 2.22 027

R-Square = .100, F(4 355 = 9.899, p-value = .000



A1571997 9.9 LUUINADIVUIYIIUIUATINLTNSUNTUNURY Szuvdaalnetrvn asienlaglens

Stepwise
Model B Beta SE t P-value

(Constant) 15 24 0.63 528
N1SUNUAL UL -54 -31 09 574 .000
NSV LEANAS 26 .18 .08 3.49 001
AINAiTllunue 02 14 01 2.75 006
s1elenouRng -19 -.14 07 -2.54 011
n1sUILLLENAnLNS 12U naTauas) -28 -.10 14 -1.99 .048
R-Square = .133, F5357 = 10.918, p-value = .000
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What else?

Medical bioinformatics
— DNA sequencing

Image and video analytics

Text analytics

Social network analysis

Voice recognition and analytics
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Figure 1.6 Cleaned-up interim network diagram.
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Figure 1.7 Telephone foll calls.
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Figure 1.8 Vehicle registration data referenced.



To detect fake news, this Al first
learned to write it

“To know your enemy, you must become your enemy."




Defending Against Neural Fake News

Rowan Zellers*, Ari Holtzman*, Hannah Rashkin*, Yonatan Bisk*
Ali Farhadi*”, Franziska Roesner*, Yejin Choi*”
*Paul G. Allen School of Computer Science & Engineering, University of Washington
?Allen Institute for Artificial Intelligence
https://rowanzellers.com/grover

Abstract

Recent progress in natural lang Preprint. Under review.

applications like summarizatic |= Q science The Newest ork Tines News
nology also might enable adve: . . . Verification
ganda that closely mimics the | LiTtk Found Between Vaccines and Autism /_\
Modern computer security reli By Paul Waldman  May 23, 2013

thFe_atS fmd vulnerabilities from‘ Those who have been vaccinated against measles have a more than

mitigations o Fhese threats. L 5-fold higher chance of developing autism, researchers at the

fake news requires us first to ca University of California San Diego School of Medicine and the

models. We thus present a mo Centers for Disease Control and Prevention report today in the Fake N'BI"""S
Given a headline like ‘Link F Journal of Epidemiology and Community Health.  (continued) Generation

generate the rest of the article; t
than human-written disinform: Figure 1: In this paper, we explore Grover, a model which can detect and generate neural fake news.
Developing robust verification techniques against generators like GROVER is critical.
We find that best current discriminators can classify neural fake news from real,
human-written, news with 73% accuracy, assuming access to a moderate level of
training data. Counterintuitively, the best defense against GROVER turns out to be
Grover itself, with 92% accuracy, demonstrating the importance of public release



BI@METR'C sboutUs | susscrioe N in W Of All Content ¥ Search

UPDATE.COM
BIOMETRICS BIOMETRICS FEATURES & INDUSTRY BRAND BIOMETRICS BIOMETRICS
NEWS STOCKS INTERVIEWS INSIGHTS FOCUS COMPANIES EVENTS
£ e MoneyOnMobile launches biometric ATM
’ Tweet - .
) solution leveraging Aadhaar MOST READ THIS WEEK
in Lok
(® May24 2018 | Chris Burt
M comment JetBlue rolls out biometric
CATEGORIES  Biometrics News | Civil /National 1D | Financial Services boarding at JFK and DCA
indian mobile payment network MoneyOnMebile has announced the launch of a biometric ATM cash- “Smile-to-Pay” facial recognition
out solution, with 3,000 units activated in the initial phase, and 2,000 more expected in the coming system now at 300 locations in
months. Biometric MOM ATMs leverage the company’s banking partners’ Open Banking APls and the China

Aadhaar national ID, enabling consumers to withdraw money with a fingerprint rather than a debit card.



| o

T X
Gi_ mgki(.}l, 8]
LYVLV I .
*Complete withd of the '
M&ﬁﬂ-.mn"é?r‘?l )




PHYS '* \ORG Nanotechnology ~ Physics Earth ~ Astronomy & Space v Technology v Chemistry v

f v NS

Home » lechnology @ Lomputer Sciences » July L3, 2074

Big Brother facial recognition needs ethical regulations

July 23, 2018 by William Michael Carter, The Conversation
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Will facial recognition software make the world a safer place, as tech firms are claiming, or will it make the marginalized more vulnerable
and monitored? Credit: Shutterstock
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Those with low ratings will face measures such as being
banned from taking flights or using trains for up to a year

China blacklists millions of people from booking flights
as 'social credit’' system introduced
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CHINA'S SOCIAL
CREDIT SYSTEM
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China’s tight grip on enterprises
Influencing business decisions via Social Credit Scores*

Criminal history

Company representatives
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Data flows within China’s Social Credit System for enterprises

—> data flows l

of data exchange

Source: MERICS research; Ye 2015; Yuandian Credit 2017

©MERICS



Top 10 data providers for China’s National Credit Information Sharing Platform

(number of datasets)

National Development and Reform Commission
Ministry of Industry and Information Technology
Ministry of Agriculture

National Health and Family Planning Commission
Ministry of Transport

Ministry of Housing and Urban-Rural Development
State Food and Drug Administration

State Supervisory Authority for Production Safety
People’s Bank of China

Ministry of Finance

Source: NDRC 2016
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Hong Kong courts set to start going
paperless this year

PUBLISHED : 29 APR 2019 AT 18:18 WRITER: SOUTH CHINA MORMING POST
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