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A.I. Applications 
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AI Applications 
Finance  

Fraud detection  

Cybersecurity 

Search  

Industrial robotics 

Consumer robots 

Caretaking robots 

Medical images analysis 

Drug discovery 

Law 

Business Analytics/ Data Mining 

Recommendation engines/ 

Advertising engines 

 

Autonomous vehicles 

Scientific discovery 

Virtual Assistants 

Summary and story generation 

Art and Music 

Translation 

Customer support 

Conversational User Interfaces 



A.I.-driven Innovation  

Blockchain: decentralized intelligence 

Augmented reality: “small data” 

3D Scanning/Printing: personal 
manufacturing 

IoT: Predictive analytics, Prescriptive 
analytics, Adaptive analytics 

CNC: Autotuning, Quality Cotrol,… 

Smart cities: peace technology 

Etc 
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When to use Deep Learning 

• When to use Deep Learning 

– Large dataset 

– Clean/balanced data 

– Modeling time-series data 

– Statistical methods don’t work 

• When NOT to use Deep Learning 

– Small dataset  

– Data not balanced 

– The goal is insight 

– Your boss told you to do it because it’s popular 
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When to use Deep Learning 

• A good example: NASA + Google (2017): discover 

patterns hidden in a large dataset of astronomical 

observations 



Examples: Medical 
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What are the unsolved problems? 
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Medical Applications 

• Analysis of medical images 

X-Rays, MRIs, Computed 

Tomography (CT), etc 

Philips Health Care: 135 billion 

medical images, 2 million new 

images every week 

Helping radiology, cardiology and 

oncology departments understand 

images 
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Medical Applications 

• Analysis of medical images 

Sebastian Thrun 

Stephen Wang 

2017 
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Medical Applications 

• Analysis of medical images 

Varun Gulshan & Lily Peng (Google, 2016) 

Lyle Palmer’s student Luke Oakden-Rayner 

(University of Adelaide, 2016) 
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Medical Applications 

• Analysis of medical images 

Paul Bentley (Imperial College London, 2018) 
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Medical Applications 

• Analysis of medical images 

Google (2019) 
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Medical Applications 

• Analysis of medical images 

The FDA approves the first A.I. system 

for medical use 

Diagnostic system for heart conditions 

made by Arterys, a spinoff of Stanford 

University's StartX accelerator  

15 seconds to produce a result which 

would normally take an hour by a 

professional cardiologist 



A.I. in Biotech/Medical 

• Longevity 
2013: Craig Venter's Human Longevity Inc 

2013: Google’s Calico (“longevity lab”) 
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A.I. in Biotech/Medical 

• Longevity 
1993: Cynthia Kenyon (UCSF): Daf-2  gene 

1999: Leonard Guarente (MIT): the longevity 

gene in yeast is sir2 

2000: Shinichiro Imai: the action of sirtuins 

depends on NAD  

2013: David Sinclair: NMN reverses muscle 

aging in mice  

2003: Fritz Muller (Freiburg): suppressing TOR 

prolongs the life of worms 

2010: Rochelle Buffenstein (Univ of Texas): 

NRF2 protects the body against aging 

2012: Kiev Univ: the hydra is “immortal” due to 

the FoxO gene 



A.I. in Biotech/Medical 

• Longevity 
Which genes do they have in common? 



Examples: Law 
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What are the unsolved problems? 
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A.I. in Law 

• Analysis of legal documents 

Harvard Law School: CaseLaw 

Access Project  to digitize the entire 

historical record of  court opinions  
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A.I. in Law 

• Analysis of legal documents 

ROSS Intelligence: automatically process 

millions of pages, understand a query’s 

context, and draft a memo on its 

findings 

JP Morgan’s COIN (2017) 

Zapproved 



Examples: Smart City 
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What are the unsolved problems? 
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A.I. in Smart Cities 

• Smart Cities 

… 
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A.I. in Smart Cities 

• Smart Cities 
Adam Greenfield’s book “Against the 

Smart City”: cities are products of 

specific geographies and economies 

(2013) 

Michael Batty: "The image of the smart 

city which comes from the corporate 

world betrays a level of ignorance about 

how cities function that is woeful and 

dangerous"  (2014) 

Michael Batty, Director of the 

Centre for Advanced Spatial 

Analysis at University College 

London s, author of "The New 

Science of Cities“ 
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A.I. in Smart Cities 

• Smart Cities 
Edward Glaser: “Technology lets us hold virtual 

meetings, and the Internet keeps us in touch 24/7, but 

neither can be a substitute for the social cues”   (2011) 

Shannon Mattern: “A city is not a computer” (2017) 
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A.I. in Smart Cities 

• Smart Cities 
A city is not made only of 

buildings, cars and streets. 

 

There are also people! 
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A.I. in Smart Cities 

• Smart Cities 
Beyond the Smart city: a city that gives inspiration, 

that motivates its inhabitants to create, an incubator of 

constant ubiquitous innovation 



Examples: Manufacturing 
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What are the unsolved problems? 



A.I. in Manufacturing 

• Product Design 

Industry 4.0: Automation + 

Internet of Things + Big Data 

+ Cloud Computing 

Industry 5.0: + 3D Printing  + 

Crowdfunding  + Robotic 

warehouses +  A.R. + A.I. 

A.I.: 

Predict market needs 

Identify market opportunities 



A.I. in Manufacturing 

• Product Design 

Combinatorial design 



A.I. in Manufacturing 

• Process and Quality 

Process optimization (e.g. power 

consumption) 

Visual inspections to find 

imperfections in products 

(e.g., Landing.ai) 



A.I. in Manufacturing 

Organization 

A.I. can  

• answer questions, 

• suggest decisions 

• monitor progress 

Monitoring 

“bots” 

Big Data 

Analytics 

Virtual 

Assistant 

FRONT 

END 

BACK 

END EMBED 
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A.I. in Manufacturing 

2018: First time DRL applied to CNC 
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A.I. in Manufacturing 

2017: Okuma applies Deep Learning to CNC 



Examples: Architecture 
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What are the unsolved problems? 



A.I. in Architecture 

• Parametricism 2.0 

Parametricism (2008): 

computational architecture 

Parametricism 2.0: “precision 

architecture” based on big 

data and domain knowledge 

(geographic, economic, 

social, cultural, religious… 

factors)  



Examples: Human-machine Interaction 
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What are the unsolved problems? 
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A.I. in Human-machine interaction 

• Human-machine interaction 

Machines are very stupid 

If AlphaGo took a normal I.Q. test, it would get a 

zero: it can only do one thing. In fact, it can’t 

even answer questions! 
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A.I. in Human-machine interaction 

• Human-machine interaction 

Spending on pets in the USA: $62.75 billion (2016) 

Why do we keep pets? 

They are useful for 

 security  

 education 

 socializing  

 … 

The machine as a pet that never disobeys 

A.I. is about building machines that are like pets 
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A.I. in Human-machine interaction 

• Human-machine interaction 

Today’s machines are very stupid, 

much more stupid than a dog or 

cat 

Today’s machines are the evolution 

of the hammer 
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A.I. in Human-machine interaction 

• Human-machine interaction 

We need: 

• Conversational user interfaces so that the 

owner can speak to its machine  

• Face recognition so that the machine can 

recognize its owner 

• Mobility so that machine can do chores for 

us 

Between May 2016 and 

May 2017, Siri lost 7.3 

million monthly users  
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A.I. in Human-machine interaction 

• Human-machine interaction 

Machines 

that cannot 

be 

programmed 

Machines 

that can be 

programmed 

to perform 

many tasks 

Machines 

that 

program 

themselves 

 



Examples: Fintech 
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What are the unsolved problems? 



A.I. in Fintech 

• Lots of Talk, Little Action 

• Innovation impulse in Fintech is not the 

same as in Biotech (Francesco Corea, 

Complexity scientist, in Medium magazine, 

Oct 2017) 

• Blockchain is not A.I. 

• P2P lending is not A.I. 



A.I. in Fintech 

• Increasing Security: AI can analyze large volumes 

of security data and detect frauds with higher 

accuracy 

• More insights on financial data, especially for 

trading 

– Euclidean, Quantestein, Renaissance 

Technologies, Walnut Algorithms, EmmaAI, 

Aidyia, Binatix, Kimerick, Pit.ai, Sentient, 

Tickermachine, Clone Algo, Algoriz, Alpaca, 

Portfolio123, Sigopt, … 



A.I. in Fintech 

• Chatbots in consumer services 

• Financial Wellness: optimizing financial 

assets (the "robo-advisor") 

• Starbutter, Kasisto, Trim, Penny, Cleo, 

Acorns, Fingenius, Wealthfront, SigFig, 

Betterment, LearnVest, Jemstep, Aire, 

TypeScore, CreditVidya, ZestFinance, 

Applied Data Finance, Wecash, 

• “I think the biggest change is that people 

are going to receive financial help before 

they even know it” (Nick Hungerford, 

CEO of Nutmeg - Wired magazine 2017) 



A.I. in Fintech 

• Markets Intelligence (information extraction or insights 

generation) 

– Indico, Acuity Trading, Lucena, Dataminr, 

Alphasense, Kensho, Aylien, I Know First, Alpha 

Modus, ArtQuant, 



Examples: Internet of Things 

49 

What are the unsolved problems? 



A.I. and IoT 

• The Internet of Things generates more than 2.5 

quintillion bytes of data daily 

• Deep learning algorithms for IoT analytics is not any 

faster or accurate than traditional statistical analysis 

(regression, clustering, decision trees, PCA…) 



A.I. and IoT 

• Data Science for IoT is different from traditional data science 

Data from wildly distributed machines are chaotic and have 

a temporal element (i.e. time series data) 

– Edge computing: the data don’t reside on the cloud 

– The world changes all the time: AI-powered devices don’t 

adapt quickly to changes 

– Sensor fusion (security cameras, microphones, electric 

meters, etc): fusing different A.I. systems designed for 

different patterns is difficult 

– Real-time response is difficult for AI + IoT + Cloud 



A.I. and IoT 

• AI Appliance 

– Interactor (Silicon Valley) 

• Data analytics 

– Alluvium (New York, 2015) 

• Industrial IoI 

– Falkonry (Silicon Valley, 2012) 

– Arundo (Texas, 2015) 

– Canvas (Toronto, 2016) 



Counter-examples 

53 
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Non-problems 

• Example: Robots that see 

Sonar navigation is cheap, efficient and 

reliable 

GPS and sensors are cheap, efficient 

and reliable 

LIDAR and WAAS GPS are also 

precise 

In many cases a machine doesn’t need 

vision to navigate  
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Non-problems 

Linear regression 

PCA 

• Example: “Machine learning” 

Statistical methods to classify data have 

existed for more than a century 

Neural networks are only 

approximators but often less 

accurate than statistics and require 

more expensive hardware 

Sometimes they are worth the trouble, 

sometimes not 
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AI’s #1 application 
• Today’s #1 application of A.I.: to make people buy 

things that they don’t need 

• Tomorrow’s #1 application of A.I.: to make people 

buy things that they don’t need (and that sometimes 

kill them) 

 

Wei Zexi’s parents (2016) 
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AI’s #1 application 

• Where A.I. is truly successful… 

– "The best minds of my generation are 
thinking about how to make people click 
ads" (former Facebook research scientist 
Jeff Hammerbacher in 2012) 

– So far A.I. has not created better doctors or 
engineers, but better salesmen 
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AI’s #1 application 
• Google RankBrain and Facebook DeepTextAI 
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AI’s #1 application 
• Recommendation systems 

2016 
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Autonomous Cars 

• Self-driving cars 
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Autonomous Cars 

• Driver assistant (eg, Otto, founded by an ex-Googler) 
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Autonomous Cars 

• Computer-vision chips 

– Autopilot and collision-avoidance for existing 

cars 

– Vision for drones and robots 

– Mobileye (Israel, 1999) 

– Movidius (Ireland, 2005) 
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Autonomous Cars 

• Kits for self-driving features 

– Comma.ai (San Francisco, 2015) 

– Nvidia + Mercedes (announced in 2017) 
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Autonomous Cars 

• Tesla (2016) 



Self-driving Add-ons 

• Oculii 

(object-detection 

chips since 2004) 



Self-driving Add-ons 

• Remote driving assistance 
– Phantom Auto (Mountain View, 2017, founded by Shai Magzimof, 

Andrew Gryaznov and Ohad Dvir) 



Self-driving Add-ons 

• Remote driving assistance 
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My prediction hope of 2015 

was… 
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Image Analysis 

• Analysis of medical images: X-Rays, 

MRIs, Computed Tomography (CT), etc 

– Philips Health Care: 135 billion 

medical images, 2 million new images 

every week 

– Helping radiology, cardiology and 

oncology departments understand 

images 

• Enlitic (San Francisco) 

• Arterys (Stanford) 

• Zebra Medical Vision (Israel) 
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Image Analysis 

• Medical applications 
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Image Analysis 

2017 

Thrun & cancer 
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Image Analysis 

Google & retina 
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Image Analysis 

FDNA Face2gene 
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Image Analysis 

2016: the FDA approves the first 

deep-learning system for medical 

use. 

•Diagnostic system for heart 

conditions made by Arterys, a 

spinoff of Stanford University's 

StartX accelerator  

•Sold in conjunction with General 

Electric's MRI scanners as 

ViosWorks 

•15 seconds to produce a result 

which would normally take an 

hour by a professional 

cardiologist 
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Medical Appliances 

• A new class of appliances 

BioBeats (2016): app 
that takes data from 
several  wearables 
and uses A.I. to 
deliver health advice. 
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Medical Applications 
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Medical Applications 

• High-performance medicine 
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Medical Applications 

• High-performance medicine 
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Medical Applications 

• AIMI 2020 
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Medical Applications 

• Skin conditions affect an estimated 1.9 billion 

people worldwide 

• Shortage of dermatologists  

• Diagnostic accuracy of general practitioners has 

been reported to be only 0.24-0.70 (compared to 

0.77-0.96 for dermatologists) 
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Medical Applications 

• GoogleHealth (2020): Identifies 26 skin conditions 

that represent ~80% of skin conditions seen in 

primary care, achieving 0.71 to 0.93 accuracies 
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Medical Applications 

• AI for diet (Univ of Nottingham, 2020) 
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Medical Applications 

• AI for testing eyesight (Stanford, 2020) 
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Search Assistants 

• Industry-specific virtual assistants 

• Chatbots that replace search engines 
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The Near Future 

• Unsupervised learning/ Data mining 

– Discover causes and correlations 
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Image Analysis 

• Analysis of medical images 

– Sebastian Thrun (Stanford) 

– Lily Peng (Google) 

– Stephen Weng (UK) 

– Luke Oakden-Rayner (Australia) 
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Precision Medicine 

• Precision medicine: to deliver the right 

drugs in the right dose for the right person 

– Precision Medicine Initiative (2015): 

collect and study the genomes of one 

million people 



Banking 

• Credit assessment 

• Legal documents (eg JP Morgan’s 

COIN, for Contract Intelligence) 



Forecasting Energy Use 

• Texas Sustainable Energy Research Institute 

(2005) 



Forecasting Energy Use 

• Elena Mocanu (Eindhoven University of Technology, 

Netherlands) 



Forecasting Energy Use 

• Malaysia (2014) 



Forecasting Energy Use 

• Turkey (2015) 



Forecasting Energy Use 

• Harvard (2015) 



Forecasting Energy Use 

• Stanford (2015) 



Forecasting Energy Use 

• Jiaotong (2015) 



Forecasting Energy Use 

• Univ of Washington (2015) 



Forecasting Energy Use 

• Imperial College of London (2015) 



Forecasting Energy Use 

• Oracle (2015) 



Forecasting Energy Use 

• Google DeepMind (2016) 



Biotech 



Deep Learning in Bioinformatics 



Help! 

• 2016: more than 1.2 million papers were published in life 

science journals alone, on top of the 25 million already in print 

• A new article is being published every 30 seconds 

• On average a scientist reads about 264 papers per year 

• More than 70,000 papers have been published on the tumor 

suppressor p53 

Piero Scaruffi is one of the victims of information overload 



Data Analytics/Diagnostics 

Sophia Genetics (Switzerland) 

DNAlytics (Belgium) 

Innoplexus (Germany) 



DL in Bioinformatics 

• “Omics” research (genomics, transcriptomics, 

epigenomics, proteomics, metabolomics, etc) 

– Protein structure prediction 

• Primary structure (sequence of amino 

acids) 

• Secondary structure (Linus Pauling, 

1951) 

• Tertiary structure (three-dimensional 

structure) 

– Gene expression regulation 

– Protein classification 



DL in Bioinformatics 

• Predicting the structure of proteins 

– Problem:  tertiary structure predictions 

are increasingly demanded due to the 

rapid discovery of proteins; tertiary 

structure prediction depends on 

secondary structure prediction 

– Protein SS prediction has been 

extensively studiedto predict both 3-state 

SS and a few to predict 8-state SS 



DL in Bioinformatics 

• Predicting the structure of proteins 

– Ning Qian & Terrence Sejnowski  

(1987) 

– David Jones developed the two-stage 

neural network method PSIPRED 

(1999) 



DL in Bioinformatics 

• Predicting the structure of proteins 

– Three-state accuracy of SS prediction : 

69.7% by PHD in 1993 

76.5% by PSIPRED in 1999  

80% by Structural Property prediction with Integrated 

Neural nEtwork (SPINE) in 2007  - Ofer Dor & Yaoqi 

Zhou, State University of New York at Buffalo 

82% by Structural Property prediction with Integrated 

DEep neuRal network 2 (SPIDER2)  in 2015 - Yaoqi 

Zhou's team, Griffith University in Australia 

84% by Deep Convolution Neural Field network 

(DeepCNF) in 2015 – Jianlin Cheng 



DL in Bioinformatics 

• Predicting the structure of proteins 

– SPIDER2 (2015) 



DL in Bioinformatics 

• Predicting the structure of proteins 

– Problem: challenging to predict the tertiary 

structure of proteins that do not have a close 

homolog with known structure (“ab initio”); 

accuracy stagnated at 65% 

– Jianlin Cheng (2015, Univ of Missouri): DNSS, a 

deep learning approach to 3-state SS prediction 

– 1425 proteins from the Protein Data Bank  



DL in Bioinformatics 

• Predicting the structure of proteins 

– Jian Zhou and Olga Troyanskaya  (2014, 

Princeton Univ): ICML2014 deep learning 

approach to 8-state SS prediction 



DL in Bioinformatics 

• Predicting the structure of proteins 

– Sheng Wang and Jian Peng (University of Chicago) in 

collaboration with Toyota Technological Institute (2015) 

– DeepCNF (Deep Convolutional Neural Fields) for both 3-

state and 8-state SS prediction. 

– Datasets: (1) CullPDB53 of 6125 proteins, (2) CB513 of 513 

proteins, (3) CASP1054 and (4) CASP1155 datasets 

containing 123 and 105 domain sequences, respectively, 

and (5) CAMEO  

– DeepCNF  pushed the 8-state accuracy to beyond 70%. 



DL in Bioinformatics 

• Predicting the structure of proteins: AlphaFold 



DL in Bioinformatics 

• Gene expression regulation 

– Problem: DNA- and RNA-binding proteins play 

a central role in gene regulation and knowing 

their sequence is important to explain the 

regulatory processes and for investigating the 

genetic causes of diseases 

– Babak Alipanahi (2015, University of Toronto): 

DeepBind  for DNA-protein binding 

– Training: datasets of DNA binding in vivo and 

in vitro +  RNA binding in vitro 



DL in Bioinformatics 

• Gene expression regulation 

– Babak Alipanahi : 

DeepBind 



DL in Bioinformatics 

• The authors founded Deep Genomics (2015)… 

• … it helps to have good neighbors 



DL in Bioinformatics 

• Gene expression regulation 

– Problem:   NIH’s  Library of Integrated Network-Based 

Cellulanatures  or LINCS: to save costs, profile the 

expression of only ∼1000 landmark genes from the 

Connectivity Map (CMap)  project  and inferring the 

expression of remaining target genes (whose gene 

expression is correlated to the landmark genes) via linear 

regression. This way the LINCS program has generated 

∼1.3 million gene expression profiles, but LR ignores the 

nonlinearity within gene expression profiles. 



DL in Bioinformatics 

• Gene expression regulation 

– Xiaohui Xie (2016, UC Irvine): D-GEX to infer the 

expression of target genes from the expression of the 

“landmark” genes 

– Dataset: Gene Expression Omnibus dataset (111,000 

expression profiles) 



DL in Bioinformatics 

• Gene expression regulation 

– Problem: regulation depends on promoters and enhancers, but 

detecting the locations of promoters and enhancers (a focus of 

bioinformatics for twenty years) is not trivial. 

– Wyeth Wasserman (2016, Univ of British Columbia): DECRES 

for the identification of enhancer and promoter regions in the 

human genome 

– Datasets: Encyclopedia of DNA Elements (ENCODE) and the 

Functional Annotation of the Mammalian Genome (FANTOM)  



DL in Bioinformatics 

• Gene expression regulation 

– Problem: MicroRNAs (miRNAs) are short sequences of 

ribonucleic acids that control the expression of target 

messenger RNAs (mRNAs) by binding them  

–  Robust prediction of miRNA-mRNA pairs is important to 

understand gene regulation 

– Seoul National University (2016): DeepTarget  for 

microRNA-mRNA prediction 



DL in Bioinformatics 

• Gene expression regulation 

– Problem: noncoding variants are statistically associated 

with human disease, but determining their mechanism is 

not trivial 

– Jian Zhou and Olga Troyanskaya  (2015, Princeton 

Univ):  DeepSEA to predict the functional effects of 

noncoding variants  from DNA sequence 



DL in Bioinformatics 

• Gene expression regulation 

– David Kelley (2016, Harvard): open-source deep-

learning framework Basset to learn functional activities 

of DNA sequences, annotate every mutation in the 

genome with its influence, etc 

– Databases from ENCODE Project Consortium and 

Roadmap Epigenomics Consortium 



DL in Bioinformatics 
• Gene expression regulation 

– Problem: RNA splicing is a critical step in gene 

expression whose disruption contributes to many 

diseases, including cancers and neurological disorders; 

and tens of thousands of genetic variants may alter 

splicing  

– Hui Xiong, Babak Alipanahi, Leo  Lee (2015, Univ of 

Toronto) predict the splicing activity of individual exons 

(in particular, the genetic basis of spinal muscular 

atrophy, hereditary nonpolyposis, colorectal cancer and 

autism) 



DL in Bioinformatics 
• Gene expression regulation 

– Hui Xiong, Babak 

Alipanahi, Leo  Lee (2015, 

Univ of Toronto) 



DL in Bioinformatics 

• Protein classification 

–  Problem: a general representation  that can be employed 

in a wide array of bioinformatics research such as family 

classification, protein visualization, structure prediction, 

protein-protein interaction prediction, etc 

– Ehsaneddin Asgari and Mohammad Mofrad (2015, UC 

Berkeley): ProtVec to classify 324,018 protein sequences 

from Swiss-Prot belonging to 7,027 protein families 



Designing Babies 

1978: First baby born via IVF (in vitro 

fertilization) 

1990: First baby born via PGD (Alan 

Handyside’s lab) 

Two ways to create human stem cells 

Shinya Yamanaka (2007) 

Shoukhrat Mitalipov (2013) 

Basically, it’s a way to turn back the biological 

clock: the DNA of the cell is reprogrammed 

to the embryonic state 



Designing Babies 

Rabinowitz-Shendure PGD (2015) 



Designing Babies 

Katsuhiko Hayashi (2015): IVG on mice 

(“easy PGD”): we can make eggs and 

sperm from skin cells 



Designing Babies 

HumanCode (2017, Denver): 

predict babies’ height 

without AI 

Stephen Hsu (2017): predict 

babies’ height with AI 



Will A.I. help parents "design" their babies? 

Hank Greely 



Drug Discovery 

According to the Tufts Center for the Study of Drug 

Development, it takes an average of 12 years 

and about $2.6 billion to put a new drug on the 

market. 



Drug Discovery 

Automating and accelerating the process of drug 

discovery 



Drug Discovery 

Rein Vos’ "The Enigma of Drug Discovery" 

shows that the process of drug discovery 

can be modeled, and therefore automated 

Can it be accelerated? 

Can we design better molecules, enzymes, 

peptides to cure diseases? 



Drug Discovery 

Automation and acceleration of drug discovery 

Lab 

Automation 

Pattern 

Recognition 

Theory 

Formation 

Data Correlations 
Drug/ 

Therapy 
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A.I. in Biotech/Medical 

• Accelerate drug discovery 

Towards “Precision Medicine”: A.I. could 

mark the end of the mass-produced drug 

It could discover the specific drug that 

works best for your specific case 
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A.I. in Biotech/Medical 

• Accelerate drug discovery 



Drug Discovery 

• Exscientia (Britain) 

• Berg (Boston) 

• Numerate (Bay Area) 

• BenevolentAI (Britain) 

• Atomwise (San Francisco) 

• Insilico Medicine (Baltimore) 

• Desktop Genetics (Britain) 

• Sophia (Switzerland) 

• PathAI (Boston) 

• Recursion (Utah) 

• Insitro (Daphne Koller, South San Francisco, 2018) 



Drug Discovery 

• Exscientia (2012, Britain): rapid-prototyping platform 

that automates drug design via an expert system that is 

equipped with a repertory of best practices acquired 

from experts of the sector.  This system can design 

millions of novel compounds and calculate for each 

how effective it is likely to be for a specific project.  

Then it can select the best ones for experiments.  

• Collaborations with GSK, Sanofi and Evotec 

 



Drug Discovery 

• Atomwise (2012, San 

Francisco): neural network  

AtomNet to combine millions 

of molecular structures and 

infer the most likely to target 

a disease 

• Working with IBM Watson 

• Projects ranging from 

multiple sclerosis to ebola 

• Collaborations with Merck 



Drug Discovery 

• BenevolentAI (2013, Britain) 

– Analyzing  scientific papers 

– Nvidia's DGX-1 supercomputer 

– $800 million deal in 2014 to 

deliver two Alzheimer drug 

candidates to bigpharma 

– 2017: 24 drug candidates 



Drug Discovery 

• Berg (2006, Boston): analyze genomic 

and clinical data about a disease and then 

infers the network of protein interactions 

that cause the disease 

• Collaboration with AstraZeneca (2017) 

to discover new  treatments for 

Parkinson’s disease and other 

neurological disorders.  

 

 



Drug Discovery 

• Desktop Genetics 



Drug Discovery 

• Insilico Medicine  (2014, Baltimore) 

– looks at drugs that are already safe to use and 

see if they can be re-purposed for other uses 

– Used a neural network to discover molecules 

that can fight cancer 

 



Drug Discovery 

• TwoXAR (Silicon Valley, 2014): identified 

a potential drug for liver cancer in just four 

months by screening 25,000 potential 

candidates in a joint project with Stanford 

(the only treatment approved by the FDA 

took five years to develop). 



Drug Discovery 

• Numerate (2007, Bay Area) can “virtually assay 25 million 

compounds from a library of 1 trillion compounds against a 

handful of accurate activity, selectivity and ADME models at a 

cost of one-one hundredth of a penny per compound, in about 

one week” 



Drug Discovery 

• Recursion (2013, Utah):  computer vision to look at cells and 

analyze more than 1,000 features to determine whether a sick 

cell is being "cured" by the compounds that it massively 

produces.  

• image-processing software developed by Anne Carpenter at 

the Broad Institute 

• committed to discovering 100 disease treatments by 2025 

• 2017:  identified 15 potential treatments for rare diseases 

• 2016: partnership with Sanofi  



Drug Discovery 

• PathAI (2016, Boston):  end-to-end data-

driven pathology analysis + clinical 

decision support tools 

• Andrew Beck at Stanford built one of the 

earliest A.I. systems for cancer pathology 

• Working with Philips to diagnose breast 

cancer 

Andrew Beck 

Aditya Khosla 



Drug Discovery 

• 2015: Michael Levin’s  evolutionary algorithm reverse-

engineers the regeneration mechanism of planaria 

(which had eluded human scientists for over 100 years) 

• Planaria can regenerate its organs 



Drug Discovery 

• 2016: IBM Watson discovers ALS genes 

• It analyzed all published literature related to ALS and ranked 

genes based on the probability that they would be responsible 

for the proteins known to be associated with the disease: eight 

of the top ten genes are indeed associated with the disease, and 

five of them were previously not suspected. 



Drug Discovery 

• 2017: GlaxoSmithKline + Lawrence Livermore Lab + 

National Cancer Inst form ATOM consortium to transform 

drug discovery from the slow, sequential and failure-prone 

process that is today into a rapid and accurate process (from 

target to patient-ready in less than one year).  



Drug Discovery 

• 2017: First A.I. based system approved by FDA (a medical 

imaging platform by Arterys to detect heart problems) 

• Not quite "biotech", but an important first step towards 

accepting A.I. as a "cure". 

 

 



Drug Discovery 

• 2017: AlphaGo Zero 

 

 



Drug Discovery 

• 2020: Discovery of covid-19 antibodies (Yang An-suei @ 

Academia Sinica, 2020) 

 

 



Towards Precision Medicine 

A.I. could mark the end of the mass-produced drug 

It could discover the specific drug that works best for 

your specific case 



Towards Precision Medicine 

• Mendel.ai (2016, San Francisco): provide customize 

treatments to cancer patients based on the latest 

published data (NLP tech to analyze medical 

publications and ANN to compare content with a 

patient’s medical record) 

 



Psychology 

• Historical surveys: 

– https://pdfs.semanticscholar.org/5626/d3a613f3ff2a3e64f3

b5cf47ef616c174549.pdf 

– https://www.ai-therapy.com/articles/computers-and-

therapy 

– https://medium.com/one-future/ai-and-the-future-of-

psychotherapy-d0593b827a44 

– http://ct.counseling.org/2015/03/the-end-of-counseling-as-

we-know-it/ 



Psychology 

• Tess 

– https://www.newyorker.com/tech/annals-of-

technology/the-chatbot-will-see-you-now 

– https://www.theguardian.com/society/2018/apr/25/meet-

tess-the-mental-health-chatbot-that-thinks-like-a-therapist 

• Woebot, created by two Stanford clinical psychologists AND 

supported by one of the most famous AI scientists, Andrew Ng 

– https://woebot.io 

– https://www.technologyreview.com/s/609142/andrew-ng-

has-a-chatbot-that-can-help-with-depression/ 

– https://medium.com/@andrewng/woebot-ai-for-mental-

health-d0e8632b82ba 



Psychology 

• Ellie (2015) at USC https://futurism.com/uscs-new-ai-ellie-

has-more-success-than-actual-therapists 

• TEVI (2018) at UCLA 

https://mashable.com/2018/02/22/worlds-first-ai-therapist/ 

• AI Therapy https://www.ai-therapy.com started by an Oxford 

researcher based on a project from Univ of Sydney 

 



Law 

• ClearAccessIP: automatically analyze patent portfolios 

•  LawGeex 

• ROSS Intelligence: automatically process millions of pages, 

understand a query’s context, and draft a memo on its findings. 



Law 

• JP Morgan’s COIN (2017) 

• CaseMine 

• Zapproved 

• Harvard Law School: CaseLaw 

Access Project  to digitize the 

entire historical record of  court 

opinions  



Job Hiring & Job Search 

• Automated recruiting assistant (eg FirstJob's Mya, 

HireVue) 

• Automated resume assembler  

• Internet crawler to search for best talents to fit 

openings 



Customer Support 

• Callers’ tone analyzer (eg Mattersight) 

• Travel assistant 



Cybersecurity 

• 2010s: Boom in cyber crime 

• Cost of cybersecurity: $106.1bn (IDC, 2017) 

• More than 70% of attacks exploit known 

vulnerabilities for which there are available 

patches (Verizon Data Breach Report) 

• Warning: if you can use it to defend yourself, 

the attacker can use it to attack you 



Cybersecurity 

• CB Insights report (2016) 



Cybersecurity 

• Products 



Cybersecurity 

• Feb 2017: IBM launches its Watson for Cyber 

Security platform 
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Cybersecutiry 

• Defense from cyber-attacks (eg Kalyan 

Veeramachaneni’s AI2, 2016) 



Cybersecurity 

• Conferences 



Journalism 

• Headlines generation 

• Summary generation 

OpenAI’s GTP3 (2020) 



Engineering Issues 

• Very few real-world AI applications, despite 

all the hype, eg 



Engineering Issues 

• Very few real-world AI applications, despite 

all the hype 

– Datasets 



Neuroscience 

Yamins D & DiCarlo JJ (2016).  Using goal-driven deep learning 

models to understand sensory cortex doi:10.1038/nn.4244 

Nice paper on deep learning applied to understanding the retina 

https://www.biorxiv.org/content/10.1101/340943v4 

Bill Newsome’s lab at Stanford: machine learning to track latent 

decision variables from neural population recordings in real 

time while monkeys perform a simple visual discrimination 

task https://www.biorxiv.org/content/10.1101/681783v1 
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My prediction hope of 2017 

is… 



Augmented Intelligence for 

Insoluble Problems 
• "Population and gross product are increasing at a 

considerable rate, but the complexity of problems 

grows still faster" (Doug Engelbart, 1962) 



Augmented Intelligence for 

Insoluble Problems 
• Augmented Intelligence for “wicked problems” and 

“messes” 

– Horst Rittel and Melvin Webber: “wicked 

problems”  (1972) 

– Russell Ackoff: “messes" (1974) 

– Wicked problems are not isolated, they are sets 

of problems, each one influencing others 

– Sustainable solution to wicked problems: a 

phase transition of the system 



Messes 

• Visualizing big data 
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Bob Horn’s digital murals 



Wicked Problems and Messes 

• Visualizing big data 

176 

Bob Horn’s digital murals 



Wicked Problems and Messes 
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Neeraj Sonalkar’s IDN 



Peace Innovation Lab 

• From Computational Social Science to Technology 

Park: 

– A methodology to discover needs in society 

– A factory of 100s of startups 

– A social innovation park 



Stanford P.I.L. 
Start a “peace technology lab” in your city… 

 

We speak Chinese… 
Contact: 
Jinxia Niu 
dearnarnia@qq.com 
Wechat: 18367115526 

mailto:dearnarnia@qq.com


Stanford Peace Innovation 

Lab 
• Solving intractable problems 
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Computational Social Science 

• A.I. for Social Science 

• Wicked Problems and Messes 

• First time in history that we have large datasets of interactions 

between individuals (social media and sharing apps) 

• Discover patterns 

• Behavior design 
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Next… 

• See http://www.scaruffi.com/singular for the 

index of this Powerpoint presentation and 

links to the other parts 

 


