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|. Introduction



1. About me

Work
experience

Research
interests

PhD in Industrial Engineering

BS in Computer Science (Minor in Industrial Engineering)

Ulsan National Institute of Science and Technology
Korea Institute of Science and Technology Information

Centre for Technology Management, University of Cambridge

Policy informatics and data-driven policy evaluation (e.g., forecasting,
evaluation, and planning in the public sector)

Industrial policy (e.g., sustainability of small and medium enterprises)

Applied machine and deep learning (e.g., prognostics and health
management of complex systems and high-frequency trading in
market-making contexts)



1. About me

* Major research topics
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[Forecasting]
Likelihood and timing
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[Review/Insight]
Implications, challenges,
and research agenda



2. Policy informatics

® Origin and development

1980: Carnegie

2008

Irvine focuses on
interaction of
technology,
organization, and
politic

Maxwell School
launches
information
management track
in MPA program

Mellon IT 1985: SUNY-Albany
1940: Simon — Role Concentration in IT policy program 2000: E-Governance
of information in Public (Rockefeller School) model developed
decision making Administration launched
1970
1974 —-1992: UC 1983: Syracuse’s 1984 — 1992:

Development of
information resource
management
perspective

2006: Arizona State

University launches
first US program in
policy informatics

Kim, Y., and Johnston, E. (2008). Policy informatics v1.0, In Minnowbrook 11l Conference, Lake Placid.

Carnegie Mellon
University (Master
of Science in Public
Policy &
Management —
Data Analytics
Track)

Northwestern
University (Master
in Public Policy &
Administration —
Data Analytics for
Public Policy
Specialization)

University of
Chicago (Master of
Science in
Computational
Analysis & Public
Policy)




2. Policy informatics

* Assumption
— More intensive and creative use of information and technology 2>
More effective policy-making processes and better policy choices
* Definition
— A transdisciplinary study of how to use information and computation to
understand and tackle complex problems of society

* Relevant disciplines

Management
science and
operations
research Cognitive
Computer science and
science decision
making
PUbI;CnZOIICV Policy Sociology and
informatics economics

administration




2. Policy informatics

° Example
— Impact of social distancing on the spread of coronavirus
Coronavirus Spreading Coronavirus Spreading
Social Distancing Social Distancing
HOSPITAL CAPACITY HOSPITAL CAPACITY
LCC BY-ND 2020 v [ ATAPULT INFECTED RECOVERED DEAD

https://corona.katapult-magazin.de/



2. Policy informatics

* Current trends shaping policy informatics
— Disruptive technologies combined with a paradigm shift towards more citizen-
and needs-driven developments in all phases of the policy life cycle

— Petitioning
— Social media
Agenda setting — Opinion mining
— Sentiment
analysis
— Open _ Crowd-sourcin — Simulation and
dashboards Policy co-creation/ g Policy gaming
— Al and machine evaluation ) formulation — Al and machine
learnin co-production .
g learning
— Chatbot .
— Visualization Polic B Optll'-nIZ?:-ltIO-n
— Robotics ) v Decision making | — Multi-criteria
CoT implementation decision
— Blockchain making
Janssen, M., Wimmer, M. A., Deljoo, A. (2015). Policy Practice and Digital Science: Integrating Complex Systems, Social Simulation and 9

Public Administration in Policy Research (Vol. 10), Springer.



2. Policy informatics

* Public value expectations along policy life cycle
(, )

Agenda setting

e Evidence-based

e Citizen involvement

e Balancing of interests

\° Efficiency and speed )

~

~

Policy evaluation

¢ Evidence-based
e Fairness

Policy formulation and
decision making

¢ Timeliness

¢ Reliable and robust
.’ Efficiency and flexibility )

~N

e Accountability
Q Continuous and real-time /

-

Policy implementation

e Protection of individual rights
e Transparency and equal access
e Cost savings and productivity gains
\\° Fairness and responsiveness Y,

Janssen, M., and Helbig, N. (2018). Innovating and changing the policy-cycle: Policy-makers be prepared!, Government Information
Quarterly, 35(4), S99-S105.



3. Al and machine learning

* Definition of machine learning

— A computer program is said to “learn” from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with E.

— A “machine learning algorithm” is an algorithm that is able to learn from data
v Machine learning = Learning from E in form of Data
v" Induction over large-scale data

* Al vs. machine learning vs. deep learning
ARTIFICIAL INTELLIGENCE

‘, A technique which enables machines
Artificial Intelligence to mimic human behaviour

MACHINE LEARNING

Subset of Al technique which use
statistical methods to enable machines
to improve with experience

DEEP LEARNING

Subset of ML which make the
computation of multi-layer neural
network feasible

11



3. Al and machine learning

* Use of Al in the public sector
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Il. Expert-machine collaboration for decision making

Kim, J.,, Lee, G, Lee, S., and Lee, C.*. Towards expert-machine collaborations for technology valuation: An interpretable machine learning approach,
Under 3" round review at Technological Forecasting and Social Change.



1. Research background and problem

* Korea Invention Promotion Association
SMART3 for technology valuation
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1. Research background and problem

* Korea Technology Finance Corporation

— KTRS for technology valuation
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1. Research background and problem

* Ministry of Science and ICT
— R&D PIE for R&D investment
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1. Research background and problem

°* Motivation

— High level of uncertainty and complexity associated with technology valuation
— Previous models relying solely on black-box models

Traditional machine learning approach

. 2y A
Machine Learned ] Results <N Ol':,-I Ejil-?.!-?
Data learnin function > - o dE/ETTEAX|?
: ) . of 40| Y=HX|?
: - !
Interpretable machine learning approach )
Machi Interpretable ) Results with explanation * 0|E_|'1’k'| (2| E.." A7
Data | achine modeland [ > - d5/4mlistol/E AN
earning interface | Feedback - O|2{st E4o| /A

* Objective
— To develop an analytical framework for successful expert-machine

collaborations for technology valuation using interpretable machine learning
models

17



2. Data and methodology

* High-level description of the data and machine learning models

Machine learning models  Machine learning models
+ SHAP* + SHAP*

Ex-ante
technological
characteristics of
a technology

<

— Highly valuable (L1)

— Licensed (L) ——

— Valuable (L2)

— Not licensed (NL)

*: SHapley Additive exPlanation

18



Machine learning models ~ Machine learning models
+SHAP* +SHAP*

2. Data and methodology e [ T

* Data
— Technology transaction database
v A full sample of inventions that were disclosed to the Office of Technology
Licensing of Stanford University from January 1970 to July 2014

v To measure technology value and marketing activities
— Patent database

v To measure technological characteristics

, : : Number of
Category Subcategory Economic value .
technologies
_ Highly valuable (1) Above $500,000 68 (4.14%)
Licensed (L)
Valuable (L2) 0-$500,000 768 (46.74%)
Not licensed (NL) 0 807 (49.12%)
Sum 1.643 (100%)

19




2. Data and methodology

Machine learning models
+SHAP*

Ex-ante
technological
characteristics of
a technology

°* Summary of the features of technological characteristics

Machine learning models
+SHAP*

Highly valuable (L1)

Licensed (L)

Valuable (L2)

Not licensed (NL)

Category Data source Feature Operational definition References
Technological | Patent database Technology age (TA) The amount of time between a technology being registered in the OTL and Fischer and Leidinger
novelty and being licensed (or the current time) (2014)
originality Prior knowledge (PK) Number of backward citations of the patents for a technology Harhoff et al. (2003)
Scientific knowledge (SK) Number of non-patent literature references of the patents for a technology Callaert et al. (2006)
Technology cycle time (TCT) Median age of cited patents Bierly and
Chakrabarti (1996)
Main class-level originality Herfindahl index on classes of cited patents Bessen (2008): Jaffe
(MCO) and Trajtenberg
Subclass-level originality (SCO) Herfindahl index on mainline subclasses of cited patents (2002)
Examination time (ET) Time difference between the first patent publication and the patent Higham et al. (2021)
application
Technological | Patent database Patent count (PC) Number of patents for a technology Hirschey and
scope Richardson (2004)
Main class count (MCC) Number of main classes of the patents for a technology Lerner (1994)
Subclass count (SCC) Number of mainline subclasses of the patents for a technology
Technology Bio science relevance (Bio) 1 if a technology is related to bio science, otherwise 0 -
transaction database
Technological | Patent database Independent claims (IC) Number of independent claims of patents for a technology Lanjouw and
superiority Dependent claims (DC) Number of dependent claims of patents for a technology Schankerman (2001)
Technology Federal government fund (FGF) 1 if technology development is funded by federal governments. otherwise 0 Corredoira et al.
transaction database (2018)
Edison awards winner (EAW) 1 if a technology wins the Edison awards. otherwise 0 -
Market Patent database Patent family (PF) Number of patents registered in multiple countries with the coverage of the Gullec and Potterie
coverage same invention (2000)
Technology Application area (AA) Number of potential application areas of a technology -
transaction database
Development | Patent database Human resources (HR) Number of inventors of the patents for a technology Ma and Lee (2008)
efforts and
capabilities Collaboration (Col) 1 if patents for a technology have more than one assignee, otherwise 0 Ma and Lee (2008)
Sponsorship Technology Sponsors (Spon) Number of sponsors for technology development Wright et al. (2014)
and marketing | transaction database Recipients (Recip) Number of marketing recipients -

20



2. Data and methodology e i[

°* Methodology
— Five machine learning models for assessing the economic value of technologies
v' Multi-layer perceptron (MLP)
v’ Support vector machine (SVM)
v’ Factorization machine (FM)
v" Random forest (RF)
v’ Extreme gradient boosting (XGBoost)

<MLP>
Hidden layer I

Hidden layer II

Input

layer layer

21



2. Data and methodology

°* Methodology

— SHAP for interpreting the models’ mechanisms and behaviors
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3. Empirical analysis and results

* Results of technology valuation using machine learning models

;l"[r;chnology Technological characteristics g:;ﬁfﬁlc (Predicted) Economic value

TA PK Spon |Recip |value MLP SVM ™ RF XGBoost
00-003 20 2 2 368 L L2 L L2 L L2 L L L2
00-009 191 21 1 1367 NL NL - NL - NL NL -
00-010 206 5 1 7 NL NL - NL - NL NL -
00-045 -1 44.5 2 131 L L2 L L1 L L2 L L L1
02-164 6 12 1 6 L L2 L1 L L2 L L2
02-166 -3 6 1 0 L L2 L2 L L2 L 12
02-170 206 |4 1 2 NL NL - NL - NL NL -
02-181 50 2 1 78 L L2 L L1 L L2 L L L1
99-220 154 18 1 151 NL L2 L2 NL L2 NL NL L2
99-231 -3 733 5 3 L L2 L2 L L1 L L L1
99-236 202 |2 1 158 NL NL - L L2 NL NL -

23




3. Empirical analysis and results

* Results of technology valuation using machine learning models

;l"[r;chnology Technological characteristics g:;ﬁfﬁlc (Predicted) Economic value

TA PK Spon |Recip |value MLP SVM ™ RF XGBoost
00-003 20 2 2 368 |L L2 L L2 L L2 L L2 L L L2
00-009 191 21 1 1367 |NL - NL NL - NL - NL NL -
00-010 206 5 1 7 NL - NL NL - NL - NL NL -
00-045 -1 44.5 2 131 L L1 L L2 L L1 L L2 L L L1
02-164 6 12 1 6 L L1 L L2 L1 L L2 L L2
02-166 -3 6 1 0 L L2 L L2 L2 L L2 L 12
02-170 206 |4 1 2 NL - NL NL - NL - NL NL -
02-181 50 2 1 78 L L1 L L2 L L1 L L2 L L L1
99-220 154 18 1 151 L2 NL L2 L2 NL L2 NL NL L2
99-231 -3 733 5 3 L L2 L L2 L2 L L1 L L L1
99-236 202 |2 1 158 |NL - NL NL - L L2 NL NL -

24




3. Empirical analysis and results

°* Summary of performance evaluation

Model Level of analysis Accuracy | Precision | Recall Specificity | F1 score

L vs. NL 0.93 0.97 0.90 0.97 0.93
MLP

L1vs. L2 0.90 0.22 0.10 0.97 0.14

L vs.NL 0.56 0.54 1.00 0.10 0.70
SVM

L1vs. L2 0.92 0.00 0.00 1.00 0.00

L vs. NL 0.90 0.88 0.93 0.87 0.91
FM

L1vs. L2 0.84 0.21 0.34 0.89 0.26

L vs. NL 0.95 0.97 0.93 0.97 0.95
RF

L1vs. L2 0.92 0.33 0.03 0.99 0.05

L vs. NL 0.94 0.97 0.91 0.97 0.94
XGBoost

L1vs. L2 0.73 0.20 0.75 0.73 0.31

25



3. Empirical analysis and results

* SHAP values for technology valuation

(a) SHAP values for classifying 00-009 (actual NL) as L

highesr T Iower

(b) SHAP values for classifying 00-009 (actual NL) as NL
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oam o nm a0 na o
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(¢) SHAP values for classifying 02-181 (actual L) as L (d) SHAP values for classifying 02-181 (actual L) as NL
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(e) SHAP values for classifying 02-181 (actual L1) as L1 (f) SHAP values for classifying 02-181 (actual L1) as L2
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3. Empirical analysis and results

* Feature importance
— Summary plot (L vs. NL)

A0

FGF
SL

MCC

g a2

-4
-«
_+._.
.+_
4

'_..
+
.l.
+
.|.-
..|..
|.
.|.
.l.
.|.
I
|
I
|

10 0s 0.0 0.5 Lo L5

SHAP value

High

Feature
value

Low

— Bar plot (L vs. NL)

EEIEIEEE

[ L= ]

Bim | +

Span
Sk

PE | +0

SCC |

FGF

EANY | +

MCC | +0

o az 04 0.6 ap 1o

Mean of |SHAP value|

1.2

27



3. Empirical analysis and results

* Feature importance

— Summary plot (L1 vs. L2) — Barplot (L1 vs. L2)
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3. Empirical analysis and results

* Feature dependence and interaction

— Dependence plot of TA (L vs. NL)
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4. Potential applications

* Decision making under the high level of complexity and uncertainty
— Inspection and audit — Resource allocation
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Ill. Mismatch between the supply and demand

Lee, G., Lee, S., Kim, C., and Lee, C.*. Inventor-licensee matchmaking in university technology licensing contexts: Linking technological functions and
business requirements using representation learning, In preparation for Technological Forecasting and Social Change.



1. Research background and problem

* Ministry of Trade, Industry and Energy
— National Tech-bank
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1. Research background and problem

* Korea Technology Finance Corporation
— TechBridge
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1. Research background and problem

* Background

— Increasing importance of university-industry-government interactions

— Necessities of developing systematic approaches to matchmaking in
technology licensing contexts

* Motivation
— Disparity between technical and business languages
> 7|2 AL O TSt E AL A RS 2+
> BN X 7|s8 ERo HFAFH
— No perfect match between the technological functions and business
requirements

> 7|82 &S 5mmE 2
> AIHE 3mmE Z &= 7|=

* Objective
— To develop an analytical framework for inventor-licensee matchmaking in
university technology licensing contexts based on representation learning
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2. Data and methodology

* Data
— Patent, publication, and project databases
v To measure technological functions that inventors can offer
— Business requirement database
v To measure business requirements that licensees demand
— Technology and know-how licensing databases
v’ To assess the performance and utility of the proposed approach

°* Methodology: Representation learning (e.g., fastText and BERT)

BR4 BR4
[ PRI O
TF1 7 TFL N
O / O \
‘ BR5 TF2 BER]I BR5 ' TF2 1 BER]I
TF3 TF3 BR-Target /
O O \ _I
— TF4 TF4 ==
Nt O TFS BR2 0O TF5 BR2
O BR3 O QO BR3 O
O TF6 O TF6
O
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3. Empirical analysis and results

* Matching rate at the inventor level

Matching
rate

1.0

0.8 1

Number of inventors recommended

* Matching rate at the department level

Matching
rate

1.0

0.8 1

0.6 1

0.4 1

0.2 1

0.0

0.606  0.6135  0.6234
0.5761 0.596
ol 04963 % e e @ B s
0.4564 it
0.3965
1 2 3 4 5 6 7 3 9 10

07005 08005 08lss 08279 08329

0.8454

0.7656
0.7182
0.6683
0.5686

1 2 3 4 5 6 7 8 9

Number of departments recommended
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4. Potential applications

* Various types of mismatches between the supply and demand
— Labor market mismatch
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IV. Opinion mining, sentiment analysis, and simulation



1. Opinion mining for agenda setting

* lIdentifying new service opportunities from large scale documents

o
-

Location information service
= Record mformatiog &

Provide full address
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1D display map * 4 -
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¢+ Plan the ronte
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«  Plan the route * MapSatellita' Hybrid mods

+ List time table
* Estumats the route tune

(Ggneral navigation service

tume
t

@
Mobile tracking service

graphical

Location finding service

*+ Find restautant. coffee shop,
and - so forth

* Provide information such as
menn. phone number

»Visualize on the 2D display
map

Paradigm Unrelatedness

Feeling Signal - Weak Signal
B
.
.
)
a8 (o] 2] ¢ [as °
Lewer 3 Stagnant Signal
.
. .
3 e
Strong Signal 3 s ’ 0o
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Lee, C., and Lee, H.* (2015). Novelty-focused document mapping to identify new service opportunities, Service Industries Journal, 35(6), 345-361.
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2. Sentiment analysis for agenda setting and policy evaluation

* Assessing service quality using customer reviews

SFrK

Review 1 Review 2 (Service feature-related keyword)
Review Location View Food

Overall rating: 5 Overall rating: 3

Location is bad Location is bad CS; CS, CSy

View is attractiv View is good CO, 5 -1 1 0

* bad: a negative StrK (sentiment-related keyword)

[ Quality of mobile navigation service }

* good, attractive: positive StrKs
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Song, B., Lee, C., Yoon, B., and Park, Y.* (2016). Diagnosing service quality using customer reviews: An index approach based on sentiment and gap 40
analyses, Service Business, 10(4), 775-798.



3. Simulation for policy evaluation

* Energy security management model using system dynamics
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4. Chatbot for policy implementation

* Sentence BERT* practice
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*: Bidirectional Encoder Representations from Transformers
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V. Conclusion



1. Challenges and paths to the next stage

* Development of guidelines on using Al in the public sector

— Understanding Al
v" How Al can help
v" What Al cannot do

— Assessing if Al is the right solution
v" Public value, ethics, fairness, safety, and privacy

— Planning and preparing for Al-based public service development
v’ Robust data governance principles (quality, standards, and integration)

°* Humanistic social science-centered X+Al rather than Al+X approach
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