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Academia Sinica

=  Chinese Academy
32 research institutes in 3 major divisions 
1) mathematics, physics, and applied sciences; 
2) life sciences; 
3) humanities and social sciences.

1,000 tenure-tracked research fellows

4,000 assistants and technicians
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中央研究院資訊科學研究所
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中央研究院資訊科學研究所

組成
40 位研究員

30位博士後研究員

300 位研究助理

研究領域

演算法 資料科學 智慧型代理人

語音處理 中文認知 多媒體

生物資訊 系統技術 機器學習
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Data Insights Research Lab
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Area 1: Quality of Experience

使用情緒量測技術來預言線上遊戲的成與敗

6

[1] Jing-Kai Lou, Kuan-Ta Chen, Hwai-Jung Hsu, and Chin-Laung Lei, Forecasting Online Game 
Addictiveness, IEEE/ACM NetGames 2012.
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Area 2: Multimedia Systems

7



Area 3: Computation Social Science

“The emerging intersection of the social and computational 
sciences, an intersection that includes analysis of web-scale 
observational data, virtual lab–style experiments, and 
computational modeling” [1].

[1] Duncan J. Watts, Computational Social Science Exciting Progress and Future Directions, Frontiers of 
Engineering, Winter 2013.
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資料分析這條路

Since 2002 (my first PhD year) …

PhD dissertation: based on a 20-hour game packet trace

Collaboration & Consulting

IT 製造

網路 / 手機遊戲

社群網路服務

多媒體消費性產品

中央 / 地方政府

銀行 /壽險 / 電子票証

9
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完整投影片線上閱讀／下載

10

http://www.iis.sinica.edu.tw/~swc/talk/data_science_overview.html

http://www.iis.sinica.edu.tw/%7Eswc/talk/data_science_overview.html
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好，進入正題

11
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Data 
Science

Social
Sciences

Computational 
Social Science

Social Physics



What’s 
Data Science?



Definition of “Science”

Science is a systematic enterprise that builds and organizes 
knowledge in the form of general, measureable and 
verifiable explanations and predictions about the universe.

In modern usage "science" most often refers to a way of 
pursuing knowledge, not only to the knowledge itself.  Over 
the course of the 19th century, the word "science" became 
increasingly associated with the scientific method itself.
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3 Major Trends of Data Science

Big Data Deep 
Learning

Data 
Discovery
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3 Major Trends of Data Science (#1)

#1. Big Data
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3V Explained
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Collecting & storing data is much cheaper now
Massive number of online users
Open data from governments
New types and wide deployed sensors

Why Big Data Arises?
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Computer Vision Matters

Safety Health Security

Comfort AccessFun

(Slide Credit: Jia-Bin Huang)

http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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Computer vision in sports

SportVision: improving viewer experiences

(Slide Credit: Jia-Bin Huang)

http://www.sportvision.com/
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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Computer vision in sports

Play tracking

(Slide Credit: Jia-Bin Huang)

http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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Computer vision in sports

Second Spectrum: visual analytics

(Slide Credit: Jia-Bin Huang)

http://www.secondspectrum.com/
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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Computer vision in sports

Replay Technologies: improving viewer experiences

(Slide Credit: Jia-Bin Huang)

http://replay-technologies.com/
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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Computer vision for healthcare

Video magnification
(Slide Credit: Jia-Bin Huang)

http://people.csail.mit.edu/mrub/vidmag/
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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https://www.youtube.com/watch?v=QbXgEbeceJI

(Credit: Jia-Bin Huang)

https://www.youtube.com/watch?v=QbXgEbeceJI
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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https://www.facebook.com/groups/1607718702812067/
https://www.facebook.com/groups/1607718702812067/
https://lass.hackpad.com/LASS-README-DtZ5T6DXLbu
https://lass.hackpad.com/LASS-README-DtZ5T6DXLbu
https://github.com/LinkItONEDevGroup/LASS
https://github.com/LinkItONEDevGroup/LASS
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LASS: Current Status

Total 136 nodes

Retrieving open data 
from TW-EPA (36) and KH-
Webduino (17)

Providing JSON API and real-time 
heatmap

Expecting to reach 1,000 nodes in 
Jan 2017

41
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LASS: Case Study

42

(UTC time)
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http://g0vairmap.3203.info/map.html

http://g0vairmap.3203.info/map.html
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3 Major Trends of Data Science (#2)

#2. Deep 
Learning
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A set of 
function

Define the 
goodness of 
a function

Pick the 
best 

function f*

Step 1: 
Network 
Structure

Step 2: 
Learning 

Target

Step 3: 
Learn!

Three Steps for Deep Learning

• Speech Recognition

• Handwritten Recognition

• Playing Go

• Dialogue System

( ) =                                     *f

( ) =                                     *f

( ) =                                     *f

( ) =                                  *f

“2”

“你好”

“5-5”

“Hello”“Hi”
(what the user said) (system response)

(step)

(Slide Credit: Hung-Yi Lee)

http://www.ee.ntu.edu.tw/profile?id=1020908
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Human Brains 

(Slide Credit: Hung-Yi Lee)

http://www.ee.ntu.edu.tw/profile?id=1020908
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Artificial Neural Network 

( )zσ+

( )zσ+

( )zσ+

( )zσ+

Different connections leads 
to different network 
structured

Weights and biases are network parameters 𝜃𝜃

Each neurons can have different values of 
weights and biases.

(Slide Credit: Hung-Yi Lee)

http://www.ee.ntu.edu.tw/profile?id=1020908
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Output 
LayerHidden 

Layers

Input 
Layer

Fully Connect Feedforward Network

Input Output

1x

2x

Layer 1

…
…

Nx

…
…

Layer 2

…
…

Layer L

…
…

……

……

……

…
…

y1

y2

yM

Deep means many hidden layers

neuron

(Slide Credit: Hung-Yi Lee)

http://www.ee.ntu.edu.tw/profile?id=1020908


Ultra Deep Network

8 layers

19 layers

22 layers

AlexNet (2012) VGG (2014) GoogleNet (2014)

16.4%

7.3%
6.7%

http://cs231n.stanford.e
du/slides/winter1516_lec
ture8.pdf

(Slide Credit: Hung-Yi Lee)

http://www.ee.ntu.edu.tw/profile?id=1020908


Ultra Deep Network

AlexNet
(2012)

VGG 
(2014)

GoogleNet
(2014)

152 layers

3.57%

Residual Net 
(2015)

Taipei
101

101 layers

16.4%
7.3% 6.7%

This ultra deep network 
have special structure.

(Lecture IV)

(Slide Credit: Hung-Yi Lee)

http://www.ee.ntu.edu.tw/profile?id=1020908
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Visual Question Answering

source: http://visualqa.org/

(Slide Credit: Hung-Yi Lee)

http://www.ee.ntu.edu.tw/profile?id=1020908


Deep Style

CNN CNN

content style

CNN

?
(Slide Credit: Hung-Yi Lee)

http://www.ee.ntu.edu.tw/profile?id=1020908


陳昇瑋 / 資料科學的第一堂課

Word Vector

Source: http://www.slideshare.net/hustwj/cikm-keynotenov2014

(Slide Credit: Hung-Yi Lee)

http://www.ee.ntu.edu.tw/profile?id=1020908
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Machine Reading

Machine learn the meaning of words from reading a lot 
of documents without supervision 

Machine learns to 
understand 鄉民用語 via 
reading the posts on PTT

(Slide Credit: Hung-Yi Lee)

http://www.ee.ntu.edu.tw/profile?id=1020908


陳昇瑋 / 資料科學的第一堂課 57



陳昇瑋 / 資料科學的第一堂課

如果你想 “深度學習深度學習”

“Neural Networks and Deep Learning”
written by Michael Nielsen
http://neuralnetworksanddeeplearning.com/

“Deep Learning” 
Written by Yoshua Bengio, Ian J. Goodfellow and Aaron 
Courville 
http://www.iro.umontreal.ca/~bengioy/dlbook/

Course: Machine learning and having it deep and 
structured

http://speech.ee.ntu.edu.tw/~tlkagk/courses_MLSD15_
2.html

(Slide Credit: Hung-Yi Lee)

http://neuralnetworksanddeeplearning.com/
http://www.iro.umontreal.ca/%7Ebengioy/dlbook/
http://speech.ee.ntu.edu.tw/%7Etlkagk/courses_MLSD15_2.html
http://www.ee.ntu.edu.tw/profile?id=1020908
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New types of data (high variety)
Advances in machine learning and data mining 
techniques

3 Major Trends of Data Science (#3)

Q: 如何提高利潤？

#3. Data Discovery

提升產品品質？ 加強包裝？

加強行銷？ 降低生產成本？

提升研發效率？ 提升行政效率？

提升回頭率？ 技術水準？
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Data Science vs. Big Data

Data Science is a superset of Big Data.

However, the rise of Big Data draws people’s 
attention to Data Science.

63

Data 
Science

Big Data

Machine
Learning

Data
Mining

Deep
Learning
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Data Science from Individuals’ Views

64



Goal 
Definition

Design  & 
Collection

Data 
Preparation

EDA

Variables? 
Methods? Evaluation, 

Validation    
& Model 

Selection

Model Use & 
Reporting

(Slide Credit: Galit Shumueli)

http://www.galitshmueli.com/
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Big data (small data also do)

Statistics / machine learning

Data analysis languages (e.g., R, Python)

Data infrastructure (e.g., NoSQL, Hadoop, Spark)

Data visualization

Data Science is More Than …
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Data Visualization vs. Data Analysis

67

Visualization is  the act or process of interpreting in visual 
terms or of putting into visible form.

Analysis indicates a careful study of something to learn 
about its parts, what they do, and how they are related to 
each other.

—Merriam-Webster's Dictionary
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維護市民安全！北市開放犯罪地圖

68
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定義空間尺度與問題

以長寬各 500 公尺的方格為單位
共 1081 個方格

剔除無建築物之方格後 823 個

犯罪機率
= 累計犯罪紀錄/建築物數量
共 396 個方格內有犯罪紀錄

藉由每方格內的基礎建設和
鄉里資料，定義方格特性

70
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Dataset

每個里的
面積
人口
性別比例
婚姻狀態
教育程度
平均收入
平均年齡和老化指數
平均戶數和每戶平均人數

地點資料 (地址)
公園
公廁
銀行
學校
公車站
捷運站
警察局
便利商店
戶外停車場
路邊停車格
路邊監視器
建築物高度
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與犯罪嚴重程度相關的變數

正相關
性別比 (男:女) ***

離婚人口比例 ***

離最近的學校距離 ***

離最近的銀行距離 ***

離最近的警察局距離 ***

離最近的捷運站距離 ***

負相關
路燈數量 ***

監視器數量 ***

公車站牌數量 ***

每家戶平均人數 ***

教育程度 (就讀大學比例) ***

Significance code: * = 0.05; ** = 0.01; *** = 0.001
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犯罪嚴重程度分類

將有犯罪紀錄的方格區分為

高危險

低危險

以 SVM Recursive Feature Elimination
挑選出 17 個 features

以 SVM classification 作為預測模型

Accuracy: 0.722

AUC: 0.730

73



Data Science 
in Taiwan



Back to 2012...







82

Computer
Science

Statistical
Skills

Data Engineer Data Analyst

Data Scientist

Domain
Expertise



http://twconf.data-sci.org/

https://www.facebook.com/twdsconf

2 days x 800 ppl

8/30 – 8/31, 2014

http://twconf.data-sci.org/
https://www.facebook.com/twdsconf
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演講議程講師群

85
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4 days x 1300 ppl

8/20 – 8/23, 2015



資料科學專家x 24
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2015/ 11/14 (六)



機 器 學 習 初 探

2015/ 12/12 (六)
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http://datasci.tw/event/



4 days x 1718 ppl



資料科學的第一堂課：
心法、案例分析與團隊建立

從資料到知識：
從零開始的資料探勘

R 語言資料工程及探勘實務

一天搞懂深度學習

手把手教你
R 語言資料分析實務



資料科學專家x 50



產官學合作媒合交流
人才媒合場次
有志一同交流場次

社群網路分析

電商、零售及網路行銷

資料視覺化

資訊安全

健康醫療

教育大數據

財務金融

未來城市的交通運輸

人工智慧/機器學習/深度學習

開放資料及個資保護

x10
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1,718 與會者
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協辦單位
中央研究院
資訊科技創新研究中心

中央研究院
統計科學研究所

中央研究院
資訊服務處

工業技術研究院
巨量資訊科技中心

財團法人資訊工業策進會
數據科技與應用研究所

國際科學與技術資料委員會
中華民國委員會

Sudo Recruit

中華機率統計學會

FINDIT

中華民國計算語言學學會

台大智慧聯網
創新研究中心

國家高速網路與計算中心

http://www.stat.sinica.edu.tw/
http://www.stat.sinica.edu.tw/
http://www.citi.sinica.edu.tw/
http://www.citi.sinica.edu.tw/
http://ascc.sinica.edu.tw/iascc/
http://ascc.sinica.edu.tw/iascc/
https://www.itri.org.tw/chi/Content/Messagess/contents.aspx?SiteID=1&MmmID=620622503266335627
https://www.itri.org.tw/chi/Content/Messagess/contents.aspx?SiteID=1&MmmID=620622503266335627
http://www.iii.org.tw/about/1_7_11_1.asp
http://www.iii.org.tw/about/1_7_11_1.asp
http://codata.sinica.edu.tw/
http://codata.sinica.edu.tw/
http://www.cips.org.tw/
http://www.cips.org.tw/


贊助企業
鑽石級

黃金級

白金級
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資料分析可以拿來
解決什麼問題？

114
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1. 計算社會科學
2. 遊戲外掛偵測
3. 遊戲玩家忠誠度分析
4. 線上遊戲市場表現預測
5. 未知號碼電話該不該接？
6. 有沒有人在偷用你的臉書？
7. 釣魚網頁偵測
8. 如何輔助線上遊戲虛寶銷售
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陳昇瑋
台灣資料科學協會理事長

中央研究院資訊科學研究所研究員

計算社會科學初探－
當電腦科學家遇上社會科學
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Sheng-Wei (Kuan-Ta) Chen

Institute of Information Science
Academia Sinica

Computational Social Science
The Collaborative Futures of Big Data, Computer 

Science, and Social Sciences
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PEOPLE
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The Favorite Major for US 
College Athletes

(Source: USA Today, http://usatoday30.usatoday.com/sports/college/2008-11-18-majors-graphic_N.htm)



120

Social Science
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Social Life is Hard to See

We can interview friends, but we cannot 
interview a friendship

Fleeting interaction
In private
Tedious to record over time, 
especially in large groups
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Bigger Problems

Social phenomena involve many individuals 
interacting to produce collective entities

firms, markets, cultures,  political parties, social movements, 
audiences
“Micro-Macro” problem (aka “Emergence”)

Micro-macro problems are hard to study 
empirically

Difficult to collect observational data about individuals, 
networks, and populations at same time
Even more difficult to do “macro” scale experiments 
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1890 US Census

1st time Hollerith machines were used to 
tabulate US Census data 
(population: 62,947,714)
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The Era of Big Data

Past: Government data, national survey data
Today: A variety of new data sources

Economic data: trade, finance, e-cash / e-wallet, ...
GIS data: satellite, GPS loggers, laser scanning cars, …
Sensor data: video surveillance, smart phones, wearable 
devices, mobile apps, beacons, …
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New kinds of data
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Computer vision for healthcare

Video magnification
(Slide Credit: Jia-Bin Huang)

http://people.csail.mit.edu/mrub/vidmag/
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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New kinds of data
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Engagement and Exploration

Standing face-to-face?
Physical distance
Hand gesture, posture
Conversation patterns
Frequency of interruptions
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Web as a Record of Social Interaction

Public web pages / discussions
Twitter, Facebook, blogs, news groups, wikis, MMOGs, 
Instagram, LastFM, Flickr, Spotify
Private email, Whatsapp, LINE, Slack
Text, images, sounds: speeches, commercials
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New kinds of data
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Computational 
Social Science

The science that investigates social phenomena 
through the medium of computing and 

statistical data processing.
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Computational Social Science
An instrument-enabled scientific discipline

microbiology

microscope

radio astronomy

radar

nanoscience 

electron microscope
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Technical Challenges

Computational infrastructures for dealing with
More data: analyzing large amounts of data
Fuzzy data: cleaning up inprecise and noisy data
New kinds of data: processing real-time sensor streams and 
web data

Need for new substantive ideas
Need for new statistical methods (WHY in 
addition to WHAT and HOW)
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3 Common Approaches

Macroscope Virtual Lab
Empirical 
Modeling
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APPROACHES
#1 MACROSCOPE 
#2 VIRTUAL LAB
#3 EMPIRICAL MODELING
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WE ARE WHAT WE SAY
Linguistics

Schwartz, H. Andrew, et al. "Personality, gender, and age in the language of social media: The 
open-vocabulary approach." PloS one 8.9 (2013): e73791.

Macroscope
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Dataset

700 million words, phrases, and topic instances 
collected from 75,000 volunteers’ FB posts 
Record users’ personality (5-factor), gender and 
age
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What Words Do You Use?

male

female



149

How Old Are You? (#1)
13 - 18

19 - 22
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How Old Are You? (#2)

23 - 29

30 - 65
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Personality Traits

Extraversion

Introversion
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Topics Across 4 Age-groups
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Warm and Negative Words



155

Usage of “I” & “We” 

Huge-volume data + simple analysis 
crystal clear language use patterns
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APPROACHES
#1 MACROSCOPE 
#2 VIRTUAL LAB
#3 EMPIRICAL MODELING
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Scaling up the Lab

Social science experimental heavily constrained 
by scale and speed

Unit of analysis was individuals or small groups
Experiments took months to design and run

Potentially “virtual labs” lift both constraints
State of the art ~ 5000 workers, but in principle 
could construct subject panel ~ 100K – 1M 
Could shrink hypothesis-testing cycle to days or 
hours
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MOOD CONTAGION (& MANIPULATION) 
ON FACEBOOK

Social Psychology

Kramer, Adam DI, Jamie E. Guillory, and Jeffrey T. Hancock. "Experimental evidence of massive-scale 
emotional contagion through social networks.” Proceedings of the National Academy of Sciences111.24 (2014): 
8788-8790.

Virtual Lab
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Facebook Mood Contagion

0.7 million (~ 0.04%) users on Facebook
3 million posts manipulated in one week
Hide some “positive” or “negative” emotional 
posts from users (in the experimental group)
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Observations

Negative posts hidden

People who see more positive posts, tend 
to post more positively, and vice versa.
Facebook users’ emotion can be easily 

manipulated by changing ALGORITHMS

Positive posts hidden
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Ethical Issues (!)

Unethical experiment because it’s conducted 
without users’ consent

Serious invasion of users’ perceptions about 
their friend circles (and the society)

Well, Facebook's data use policy states that users' 
information will be used "for internal operations, including 
troubleshooting, data analysis, testing, research and 
service improvement," meaning that any user can become 
a lab rat.
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FACEBOOK “I VOTED” BUTTON
Social Psychology & Politics

Bond, Robert M., et al. "A 61-million-person experiment in social influence and political 
mobilization." Nature 489.7415 (2012): 295-298.

Virtual Lab
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“I Voted” Button

Direct messages to 61 million users on FB
Informational: 1% users received
Social: 98% users received
Control group: 1% (no message received)

Informational

Social
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Effect of Manipulation

Ratio of friends voted

Prob. of oneself claimed voted
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2% more likely to click “I voted” button and 0.3%
more likely to seek information about a polling place, 
and 0.4% more likely to head to the polls.
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Real-world Consequence (!)

In total there were about 60,000 votes of 
turnout, and estimated 280,000 indirect 
turnout (out of 61 million users)

What if Facebook did not randomize the 
control/experimental groups?
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APPROACHES
#1 MACROSCOPE 
#2 VIRTUAL LAB
#3 EMPIRICAL MODELING
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Empirical Modeling

Traditional mathematical or computational 
modeling

Tends to rely on many, often unrealistic, assumptions 
Not generally tested in detail against data
Result is proliferation of models that exist in parallel and are 
often incompatible with each other

New sources/scales of data allow both to 
learn/test models and also calibrate them

Observations Models  Lab  Field Observations
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Google Flu Trends

Nature 457, 1012-1014 (2009)
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PREDICTION OF COUNTY-LEVEL 
HEART DISEASE MORTALITY

Medicine and Linguistics

Empirical Modeling

Eichstaedt, Johannes C., et al. "Psychological language on twitter predicts county-level heart disease 
mortality." Psychological science 26.2 (2015): 159-169.
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Datsets

Heart disease 
Arteriosclerotic heart disease
mortality rates during 2009 -- 2010

Predictors
826 million  tweets  collected between June 2009 and March 
2010
Socioeconomic (income and education)
Demographic (percentages  of  Black,  Hispanic, married, and 
female residents)
Health status (diabetes, obesity, smoking, and hypertension)
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Prediction Accuracy
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186
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Language Use in Tweets
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Social media opens up a new window of 
what humans actually feel and think
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YOU ARE WHAT YOU LIKE
Social Psychology

Empirical Modeling

Kosinski, Michal, David Stillwell, and Thore Graepel. "Private traits and attributes are predictable from digital 
records of human behavior." Proceedings of the National Academy of Sciences 110.15 (2013): 5802-5805.
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Personality Prediction

Personality traits
Gender, age, relationship status, # friends
Sexual orientation, ethnicity, religion, political 
inclination
Addictive substances (alcohol, drugs, cigarette), 
parental separation
IQ, 5-Factor model, satisfaction with Life
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Data Collection

9,939,220 Likes (55,814 unique ones) from 
58,466 Facebook volunteers

Sports
Music
Books
Restaurants
Popular websites
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Ground truth

Political Inclination

Sexual Orientation

Democrat Republican

Democratic GOP (Grand Old Party)

Democratic Party Republican Party

Homosexual Heterosexual

1 / 0 1 / 0



197

Ground truth

5-Factor Model
Openness
Conscientiousness
Extraversion
Agreeableness
Stability
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Ground truth

Satisfaction with Life (SWL)
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Methodology

User-Like matrix dimension reduction: Singular Value 
Decomposition (SVD)
Prediction models: Logistic Regression & Linear Regression
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Prediction Results
Solid: Pearson corr. coef. between pred. & actual values
Transparent: baseline acc. of the questionnaire, in terms of test-
retest reliability
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Discriminative Likes (#1)
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Discriminative Likes (#2)
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Discriminative Likes (#3)
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Likes are Culture-Dependent (#1)

男

卡提諾正妹抱報 Catworld小舖

女

Garena《英雄聯盟 LOL》 QUEEN FASHION SHOP

遊戲大亂鬥 范范范瑋琪

Garena-TW 撿便宜特賣會

好色龍 衣芙日系

放棄治療 王大陸

這樣變型男 就愛網拍特賣會

Taipei Assassins (台北暗殺星) 86小舖商城

你為什麼要放棄治療呢 H.H先生

Toyz LOVFEE
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Likes are Culture-Dependent (#2)

已
婚

嬰兒與母親懷孕生產情報站 學生愛打工

未
婚

味全MyWei Duncan

Estee Lauder Taiwan 雅詩蘭黛 林俊傑 JJ Lin

光泉"HOT"鮮奶 Cherng

舒潔溫柔心感動 Byebyechuchu

綠巨人 Dcard

AVON Taiwan 雅芳粉絲團 田馥甄Hebe

人人玩遊戲 彭于晏 Eddie Peng

Creative Baby -台灣 Dorothy

阿默典藏蛋糕 韋禮安Weibird

Can we have real privacy on social media?Unprecedented opportunity to observe 
individuals in a society
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CONCLUSION & OUTLOOK
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WE ARE STILL AT 
THE VERY START
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LOTS of Big Questions

The polarization of global economic inequality 
What explains the success of social movements?
The emergence of pro-sociality behavior
The causality of video gaming and propensity of 
violence?
The politics of censorship
The causality of social selection and social 
influence?
…
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The Data Divide

Social scientists have good questions but…
IT tools are not part of their toolkits
Not clear that we will/should make the investment

Computer scientists have powerful methods 
but…

Trained to resolve technical problems
It seems there are less “methodological” 
contributions
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The Challenges

Education and habits of social and computer 
scientists

Different ways of thinking 
Different methodologies 
Differences in framing questions and defining contributions

Data access and fragmentation issue
Data privacy issue 
Ethics issue
Organizational issue
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Institutional Innovations

New platforms and protocols for data 
management

Better coordination of data collection, storage, sharing
Recruitment and management of subject pools, field panels

Integrated research designs
Coordination across theoretical, experimental and 
observational studies

Collaborative interdisciplinary teams
For a given data set, often unclear what the most interesting 
question is
For a given question, often unclear how to collect the right 
data
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Techniques to collect, 
manage, and process large 

datasets

Knowledge about social 
theories, methods, and 

issues

Computational
Social Science
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社會物理學
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社會物理學

現實探勘 (reality mining)－以巨量行為資料來解釋社
會行為的新科學

不僅是複雜數學與量化預測，更是現實情境下可應用
的實踐科學
社會學習 (social learning)

社群網絡中的意念流 (idea flow)

231

Alex “Sandy” Pentland
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eToro + OpenBook

232

www.tradermaker.com/wp-content/themes/tradermarket/images/reviewscreens/etoro-openbook.jpg
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eToro + OpenBook

用戶可以查看／模仿其他用戶的交易、投資組合和績
效紀錄，但不能看到其他用戶模仿誰的交易

投資效益分析
收集 2011 年裡 160 萬名用戶、近 1000 萬筆的美元 / 歐元交
易行為資料
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社會學習的證據

234

單打獨鬥

回音室
相同想法重複出現

甜蜜點

此區用戶投報率
高於其他人30% 

hbr.org/2012/04/the-new-science-of-building-great-teams
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Idea Flow vs. RoI

235
sites.nationalacademies.org/cs/groups/pgasite/documents/webpage/pga_082159.pdf

回音室
單打獨鬥
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量化群體智慧

為什麼有些企業比其它企業來得有開創性？

決定群體表現的因素
專業能力？

凝聚力？

成就感？

薪水？

領導者風格？

文化？

237
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社會計量識別牌 (Sociometer)

與誰互動以及互動行為
談話語氣

是否面對面 (距離)

手勢多寡

交談時聆聽和 (被) 打斷頻率

「對話輪替」的均等程度

238
www.bostonglobe.com/business/2013/11/02/breakthrough-management-tool-big-brother-workplace/WKMDFFieBC9M98EWUPbFZL/story.html
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伺服器銷售公司

為期 1 個月，23 人，約 1,900 小時的互動觀察

客製化訂單任務派工：紀錄任務開始和結束的確切時
間衡量每名業務助理每項任務的確切花費時間

參與程度排名前 1/3 的員工

生產力較一般員工高出 10%

239
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Bank of America 電話客服中心

為期 6 週，每組 20 人，共 4 組的客服人員行為資料

效率指標－個案的平均處理時間
若降低平均處理時間 5 %每年節省USD $1M

從 idea flow 角度來改善
客服輪流休息改為團隊輪值增加客服之間的互動和參與

提昇 30% 參與程度平均效率提升 8% (20% for the 
previously worst case)

估計有USD $15M 效益 (given 3,000 位客服人員)
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調整輪休時間後工作效率提昇

241

sites.nationalacademies.org/cs/groups/pgasite/documents/webpage/pga_082159.pdf
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量化團隊參與及探索

參與 (engagement)
團隊內的互動

探索 (exploration)
跨團隊的交流

242

hbr.org/2012/04/the-new-science-of-building-great-teams



陳昇瑋 / 資料科學團隊的建立

參與和探索行為

星狀網路：產生團隊以外的新意念流

密集互連：豐沛互動，有助檢視新意念，並融入團隊
的規範和習慣之中

243

Alex "Sandy" Pentland, Social Physics
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一個典型的企業架構

為期 1 個月，5 個團隊，22 名員工，2,200 小時的資
料變化，並監控電子郵件流量，共 880 封郵件。

244

電子郵件

面對面互動

sites.nationalacademies.org/cs/groups/pgasite/documents/webpage/pga_082159.pdf

管理 開發 銷售 技服 客服
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一個典型的企業架構 (cont)

設計新行銷專案的團隊在探索和參與兩種模式間擺盪

負責製作的團隊則否，主要是團隊內部互動，新想法
很少流入

意念流黑洞
其他部門很少與客服部門面對面交談

可能解法：改變座位安排，確保所有人都在互動交流圈中
，得以改善部門間協調問題

245
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一個失敗的專案

20 天的專案監控

可從專案起始觀測意念流隨時間的變化，看出不健康
的、互動性低的意念流表現

246
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專案初始：意念流由管理團隊發出
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hbr.org/resources/images/article_assets/hbr/1204/R1204C_B_LG.gif
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僅銷售和支援部門有較多當面溝通

248

hbr.org/resources/images/article_assets/hbr/1204/R1204C_B_LG.gif
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接近結案期限，面對面互動量大幅降低

249

hbr.org/resources/images/article_assets/hbr/1204/R1204C_B_LG.gif
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交貨發生問題後，部門間開始大量溝通

250

hbr.org/resources/images/article_assets/hbr/1204/R1204C_B_LG.gif
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改善工作團隊的意念流

周五下午 4:30pm 開啤酒趴？

把員工餐廳的方桌改成長桌？

251
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不僅是觀測，希望進一步改善

會議即時反饋系統：社會計量識別牌＋互動視覺化

利用即時視覺反饋鼓勵群體中均衡、高度的參與

252

參與程度高 特定人士主導
alumni.media.mit.edu/~taemie/research.htm
vismod.media.mit.edu//tech-reports/TR-623.pdf
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高效能表現來自良好的互動型態

點子很多：貢獻簡短意見，而非只有少數長篇大論

密集互動：即時短評（支持或否定），幫助建立共識

主意多樣性：個人參與互動程度相對平均

253

Alex "Sandy" Pentland, Social Physics
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「貝爾明星」研究

卓越 v.s. 平凡
人脈網絡多樣性 (diversity)

預備式探索 (preparatory exploration)
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http://www.thestevensmithblog.com/153/how-can-reaching-out-to-others-build-a-community-and-solve-business-issues/

http://www.thestevensmithblog.com/153/how-can-reaching-out-to-others-build-a-community-and-solve-business-issues/
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找到魅力型連結者

魅力型連結者
意念蒐集者，充滿好奇，積極
發問

精力充沛、推動對話

有系統地與他人互動，非支配
討論，而是鼓勵良好的意念流
型態

使意念得以跨越群體的界線流
通

派對動物
口若懸河但總是言不及義

注重表象，跟隨流行熱潮

好出鋒頭，喜歡成為眾人焦點

255
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資料科學用之於企業管理

找出未來新星

找出可能相處有問題的小團隊

找出無法融入族群的新人

更準的面試方法

預測離職

預測人 vs 人 and 人 vs 團隊的速配度

預測決策的效果 (e.g., 預測市場)

256
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1. Hidden Information May Be 
Revealed with Data Analysis

2. Unstructured Data Can Be 
Valuable

3. Small Data May Contain BIG 
Values



資料科學的五大迷思

資料科學是門新學問

資料科學總會計算出最好的結果
當公司沒有足夠的資料時，機器學習是個非常糟糕的選擇

資料科學會幫我設計產品
資料科學並不能取代專業知識

若團隊本身沒有相關經驗，機器學習無法幫你找到答案

使用大數據的解決方案比較好

三個月內速成資料科學家

260
https://blog.alphacamp.co/2015/08/04/data-science-myth/ by 蕭瑟寡人

https://blog.alphacamp.co/2015/08/04/data-science-myth/
https://blog.alphacamp.co/author/bleaksolitude/
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原文網址

http://money.udn.com/money/story/5629/1548141
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善用資料，創造價值
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