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Predictability	and	other	Predicaments	in	Machine	Learning	
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The other day during the Super Bowl:  
What did people pay most attention to?  
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Provost	

A
tt

e
n

tio
n

 



3	

Programmatic Advertising 



4	

300 Million consumer  
 

100 Billion 
bid requests per day 

conversion 

Ad	
Exchange	
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The other day during the Super Bowl:  
What did people pay most attention to?  
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To whom should we show an AZURE ad? 
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People who clicks on the AZURE ad? 
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Visit the AZURE homepage after an ad? 
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Sign up and use AZURE after an ad? 
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Who should I (Claudia) target? 

I will try to look good in your chosen metric 
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buzzfeed.com	
3/20/16	

amazon.com 
4/11/16 

nytimes.com 
2/15/16 

50.240.135.41 

166. 216.165.92 

207.246.152.60 

108.49.133.218 

38.104.253.134 

208.76.113.13 

Mlb.com 
3/15/16 

Etrade.com 
4/25/16 

azure.microsoft.com 
4/10/16 

Zip 4  
10023-4592 

04/15/16 

Zip 4  
10023-6924 

04/20/16 

Zip 4  
10016-2324 

03/10/16 
03/14/16 

Web App 

Phone/Tablet 

Desktop 

Phone/Tablet 

com.mlb.atbat 
04/20/16 

com.rovio.angry 
02/26/16 

com.myfitnesspal.android 
3/25/16 
4/18/16 

IDFA 
31AB-26FC-
94AE-756B 

Dstillery Data: 100 Billion events per day across devices 
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buzzfeed.com	
3/20/16	

amazon.com 
4/11/16 

nytimes.com 
2/15/16 

50.240.135.41 

166. 216.165.92 

207.246.152.60 

108.49.133.218 

38.104.253.134 

208.76.113.13 

Mlb.com 
3/15/16 

Etrade.com 
4/25/16 

Zip 4  
10023-4592 

04/15/16 

Zip 4  
10023-6924 

04/20/16 

Zip 4  
10016-2324 

03/10/16 
03/14/16 

Web App 

Phone/Tablet 

Desktop 

Phone/Tablet 

com.mlb.atbat 
04/20/16 

com.rovio.angry 
02/26/16 

com.myfitnesspal.android 
3/25/16 
4/18/16 

IDFA 
31AB-26FC-
94AE-756B 

Predicting events on pretty much everything 

azure.microsoft.com 
4/10/16 
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10	Million	Columns	

1-
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Scale …  
Who should I (Claudia) target? Dstillery Automated Predictive Modeling 
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Logistic Regression 
Stochastic gradient descent 

Hashing 
Streaming 

L1 & L2 Penalties 
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Technology Profile of an Automated ML Infrastructure 

PR
EP

R
O

C
ES

SI
N

G
 L

A
YE

R
 

Event 
Data: 

•  1st Party 

•  3rd Party 

•  Apps 

•  CRM 

•  Device 

•  Display 

•  Location 

•  Mobile 

•  POI 

•  Sales 

•  Site 

Transactional Data Warehouse (Hortonworks) 

Scoring System  
(proprietary software) 

NoSQL Database 
(Cassandra) 

Proprietary  
Augmentation  

Processes 
•  Crosswalk 
•  Homing 
•  Behavioral histories 
•  Fraud detection 
•  Location 

Machine Learning System 
(proprietary software) 

Model Repository  
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Extensible Rules Engine 
(proprietary software) 

User History Augmentation Model Building 

Seed Sampler 

Landscape Sampler 

Scoring Sampler 
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median	liG	=	5x	

Lift over random for online display ad targeting  
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<snip>	
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Beware	what	you	ask	for	… 	



21	

How ‘predictable’ is a predictive modeling task? 
(given the data) 

Random Deterministic 

Sexual  
Orientation 

Pizza for   
Dinner? 
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For now let’s try to predict who is male … 
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Predicting Probability (Male)  in Facebook  

Data: 
Facebook public dataset with 200K 
anonymized users, their 
demographics and their likes 

  

Methodology: 
Logistic regression on sparse 
representation  

00000d41ed774823fca142945ec915c0,1,,,,,,,,,,,en_GB,,
00000dee02d70cf8c0d79f96b6d1c59d,0,,,,,,,,,,,en_US,,
00000f232abfe25a80156fe069395460,0,1992,20,2,2,,,,,,,,19,-5
00000f4ba0cff946b1c0e3b051287ede,0,1993,19,2,,,,,,,,en_US,310,8
0000130571654e3afaa62f4e9d2e4f63,0,,,2,2,,,,,,,en_US,193,7
00001544469ae9b408869a463a1dd77a,1,1984,28,2,,,,,,,,en_US,,-4

00001544469ae9b408869a463a1dd77a 100198443380917
00001544469ae9b408869a463a1dd77a 100248613695
00001544469ae9b408869a463a1dd77a 10050726267
00001544469ae9b408869a463a1dd77a 101021248409
00001544469ae9b408869a463a1dd77a 101054236602446
00001544469ae9b408869a463a1dd77a 101425333232551
00001544469ae9b408869a463a1dd77a 10148199466
00001544469ae9b408869a463a1dd77a 10150154095435553
00001544469ae9b408869a463a1dd77a 10161539667
00001544469ae9b408869a463a1dd77a 101844593108
00001544469ae9b408869a463a1dd77a 101936079845392
00001544469ae9b408869a463a1dd77a 101987301816
00001544469ae9b408869a463a1dd77a 102038567018
00001544469ae9b408869a463a1dd77a 102040023230884
00001544469ae9b408869a463a1dd77a 10212595263
00001544469ae9b408869a463a1dd77a 102168219824412
00001544469ae9b408869a463a1dd77a 1022548733

40% Men 
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Take 1: Predict Gender Based on age … 
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Gender based on age: very little signal … 

Overall Accuracy:   60%  
AUC: 58% 

p(male|age) 
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Gender based on age: very little signal … 

Overall Accuracy:   60%  
AUC: 58% 

Target the 1% with highest 
probability: 
Accuracy:  75%  

p(male|age) 
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From small to bigger data … 
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Take 2: Gender based all your likes  
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Predict gender base on all likes: a lot of signal … 

 
Overall Accuracy:   83% 

Target top 1% 
Accuracy:  100%  

p(male|likes) 
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Progression: from age to all ‘likes’ 

75% 86% 100% 

100% 100% 100% 

Age 
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But what happens if your problem is a mixture of both? 

Random Deterministic 
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Certainty Vortex ©	2013	Foster	
Provost	

“Models tend to go where the signal is”    
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Witness a spike in human predictability .. 

2 weeks in 2012 

M
ed

ia
n 

5%
 L

ift
   

2x 
Death of  
free will? 
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Oddly predictive websites? 
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URL’s that are very predictive for more than 10 brands  

www.womenshealthbase.com 
www.filmannex.com 
www.ffog.net 
www.drugsnews.org 
www.menshealthbase.com 
www.dailyfreshies.com 
www.hark.com 
www.gossipcenter.com 
www.articletrunk.com 
www.411answers.com 
www.dailyrx.com 
www.all-allergies.com 
www.knowvehicles.com 
www.chinaflix.com 
www.parentingnewsstories.com 
www.wrestlingnewz.com 
www.gourmandia.com 
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Traffic Patterns Are ‘Non - Human’ 

website	1	 website	2	50%	

Traffic overlap of cookies from Bid Request 





Boston Herald 
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Bots are executing conversion events 

 
• ‘Cookie Stuffing’ increases the value of the ad for  retargeting 
• Messing up Web analytics … 
• Messes up my models because a bot is easier to predict than a human 
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Two populations surfing the we: Bot vs. Human 

36% 

2015	
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Random Deterministic 
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Bot activity has more signal – higher predictions 
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Eliminate labels generated by bots ….  

46	

3 more weeks in spring 2012 
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Finding good audiences for luxury cars? 
Predict dealership visits? 
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buzzfeed.com	
3/20/16	

amazon.com 
4/11/16 

nytimes.com 
2/15/16 

50.240.135.41 

166. 216.165.92 

207.246.152.60 

108.49.133.218 

38.104.253.134 

208.76.113.13 

Mlb.com 
3/15/16 

Etrade.com 
4/25/16 

Potterybarn.com 
4/10/16 

Zip 4  
10023-4592 

04/15/16 

Zip 4  
10023-6924 

04/20/16 

Zip 4  
10016-2324 

03/10/16 
03/14/16 

Web App 

Phone/Tablet 

Desktop 

Phone/Tablet 

com.mlb.atbat 
04/20/16 

com.rovio.angry 
02/26/16 

com.myfitnesspal.android 
3/25/16 
4/18/16 

IDFA 
31AB-26FC-
94AE-756B 

Browsing history of your neighbor who hacked your WIFI? 

?

?
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Potentially three populations in the location prediction 

•  People who are indeed at dealership 
and their history 

 
•  People who are somewhere close 

•  People who hacked into your WIFI 



50	50	

Identify people who will  
go to Mercedes dealerships 
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‘In the market’ signal 
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Real Estate 
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Fitness … 
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How much randomness can a model absorb? 

We will randomly switch the gender value for increasing percentages  

00000d41ed774823fca142945ec915c0,1,,,,,,,,,,,en_GB,,
00000dee02d70cf8c0d79f96b6d1c59d,0,,,,,,,,,,,en_US,,
00000f232abfe25a80156fe069395460,0,1992,20,2,2,,,,,,,,19,-5
00000f4ba0cff946b1c0e3b051287ede,0,1993,19,2,,,,,,,,en_US,310,8
0000130571654e3afaa62f4e9d2e4f63,0,,,2,2,,,,,,,en_US,193,7
00001544469ae9b408869a463a1dd77a,1,1984,28,2,,,,,,,,en_US,,-4

00000d41ed774823fca142945ec915c0,0,,,,,,,,,,,en_GB,,
00000dee02d70cf8c0d79f96b6d1c59d,0,,,,,,,,,,,en_US,,
00000f232abfe25a80156fe069395460,1,1992,20,2,2,,,,,,,,19,-5
00000f4ba0cff946b1c0e3b051287ede,0,1993,19,2,,,,,,,,en_US,310,8
0000130571654e3afaa62f4e9d2e4f63,1,,,2,2,,,,,,,en_US,193,7
00001544469ae9b408869a463a1dd77a,1,1984,28,2,,,,,,,,en_US,,-4
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Performance is surprisingly stable even under random noise 

Percent	original	labels		

60.00%	

65.00%	

70.00%	

75.00%	

80.00%	

85.00%	

90.00%	

95.00%	

100.00%	

100%	 75%	 50%	 25%	

Percent	Men	in	top	1%	
50%	original	labels		

25%	original	labels		
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Identify people who will go to Mercedes dealerships? 

My predictions might be better 
than my ‘ground truth’ 
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Where do we find frequent traveler? 
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What do you think  
indicates people going to JFK? 

URL	 Logis)c	Parameter	
www.iglesiaelfaroinc.org	 2.38	
www.jumpseatnews.com	 2.25	
www.bluelineprop.com	 2.21	
www.ktxdtv.com	 2.14	
www.southjefffootball.org	 2.1	
www.unitedafa.org	 2.09	
www.parliamenthouse.com	 2.07	
www.yunghova.com	 2.06	
www.interlinetravel.com	 2.03	
www.aclin.org	 2.03	
www.swissport.com	 2.03	
www.gcsanc.com	 2.01	
www.swacu.org	 2.01	
www.airlinepilotcentral.com	 1.97	
www.homotrophy.com	 1.97	
www.beggsfuneralhome.net	 1.94	
www.tvathleFcs.org	 1.92	
www.2shopper.com	 1.91	
www.nextmagazine.com	 1.91	
www.dailyjocks.com	 1.87	
www.pullzone.com	 1.87	
www.diamondoffshore.com	 1.86	
www.myerspolaris.com	 1.86	
www.ryandeyer.com	 1.86	
www.okllo.com	 1.84	
www.ifihadtochoose.com	 1.83	
www.ivoirmixdj.com	 1.83	
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URL	 Logis)c	Parameter	
www.iglesiaelfaroinc.org	 2.38	
www.jumpseatnews.com	 2.25	
www.bluelineprop.com	 2.21	
www.ktxdtv.com	 2.14	
www.southjefffootball.org	 2.1	
www.unitedafa.org	 2.09	
www.parliamenthouse.com	 2.07	
www.yunghova.com	 2.06	
www.interlinetravel.com	 2.03	
www.aclin.org	 2.03	
www.swissport.com	 2.03	
www.gcsanc.com	 2.01	
www.swacu.org	 2.01	
www.airlinepilotcentral.com	 1.97	
www.homotrophy.com	 1.97	
www.beggsfuneralhome.net	 1.94	
www.tvathleFcs.org	 1.92	
www.2shopper.com	 1.91	
www.nextmagazine.com	 1.91	
www.dailyjocks.com	 1.87	
www.pullzone.com	 1.87	
www.diamondoffshore.com	 1.86	
www.myerspolaris.com	 1.86	
www.ryandeyer.com	 1.86	
www.okllo.com	 1.84	
www.ifihadtochoose.com	 1.83	
www.ivoirmixdj.com	 1.83	
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URL	 Logis)c	Parameter	
www.iglesiaelfaroinc.org	 2.38	
www.jumpseatnews.com	 2.25	
www.bluelineprop.com	 2.21	
www.ktxdtv.com	 2.14	
www.southjefffootball.org	 2.1	
www.unitedafa.org	 2.09	
www.parliamenthouse.com	 2.07	
www.yunghova.com	 2.06	
www.interlinetravel.com	 2.03	
www.aclin.org	 2.03	
www.swissport.com	 2.03	
www.gcsanc.com	 2.01	
www.swacu.org	 2.01	
www.airlinepilotcentral.com	 1.97	
www.homotrophy.com	 1.97	
www.beggsfuneralhome.net	 1.94	
www.tvathleFcs.org	 1.92	
www.2shopper.com	 1.91	
www.nextmagazine.com	 1.91	
www.dailyjocks.com	 1.87	
www.pullzone.com	 1.87	
www.diamondoffshore.com	 1.86	
www.myerspolaris.com	 1.86	
www.ryandeyer.com	 1.86	
www.okllo.com	 1.84	
www.ifihadtochoose.com	 1.83	
www.ivoirmixdj.com	 1.83	
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URL	 Logis)c	Parameter	
www.iglesiaelfaroinc.org	 2.38	
www.jumpseatnews.com	 2.25	
www.bluelineprop.com	 2.21	
www.ktxdtv.com	 2.14	
www.southjefffootball.org	 2.1	
www.unitedafa.org    	 2.09	
www.parliamenthouse.com	 2.07	
www.yunghova.com	 2.06	
www.interlinetravel.com	 2.03	
www.aclin.org	 2.03	
www.swissport.com	 2.03	
www.gcsanc.com	 2.01	
www.swacu.org	 2.01	
www.airlinepilotcentral.com	 1.97	
www.homotrophy.com	 1.97	
www.beggsfuneralhome.net	 1.94	
www.tvathleFcs.org	 1.92	
www.2shopper.com	 1.91	
www.nextmagazine.com	 1.91	
www.dailyjocks.com	 1.87	
www.pullzone.com	 1.87	
www.diamondoffshore.com	 1.86	
www.myerspolaris.com	 1.86	
www.ryandeyer.com	 1.86	
www.okllo.com	 1.84	
www.ifihadtochoose.com	 1.83	
www.ivoirmixdj.com	 1.83	
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URL	 Logis)c	Parameter	
www.iglesiaelfaroinc.org	 2.38	
www.jumpseatnews.com	 2.25	
www.bluelineprop.com	 2.21	
www.ktxdtv.com	 2.14	
www.southjefffootball.org	 2.1	
www.unitedafa.org	 2.09	
www.parliamenthouse.com	 2.07	
www.yunghova.com	 2.06	
www.interlinetravel.com	 2.03	
www.aclin.org	 2.03	
www.swissport.com	 2.03	
www.gcsanc.com	 2.01	
www.swacu.org	 2.01	
www.airlinepilotcentral.com	 1.97	
www.homotrophy.com	 1.97	
www.beggsfuneralhome.net	 1.94	
www.tvathleFcs.org	 1.92	
www.2shopper.com	 1.91	
www.nextmagazine.com	 1.91	
www.dailyjocks.com	 1.87	
www.pullzone.com	 1.87	
www.diamondoffshore.com	 1.86	
www.myerspolaris.com	 1.86	
www.ryandeyer.com	 1.86	
www.okllo.com	 1.84	
www.ifihadtochoose.com	 1.83	
www.ivoirmixdj.com	 1.83	
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Predict who goes to JFK? 

Random Deterministic 

People who 
work there … 
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Slide 64 

Siemens: Breast Cancer Detection in Mammograms  

1712 Patients 6816 Images 

105,000 Candidates 

[ x1 , x2 , … , x117 ] 
Image feature vector 

Malignant 

MLO                 CC MLO                  CC 
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Slide 65 

Great Results! 
Tr

ue
 P

os
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ve
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at
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False Positive Rate Per Image 

  
Except … 

FROC:	0.093	
FROC:	0.093	

FROC:	0.093	
FROC:	0.093	

FROC:	0.093	

Sent	60%	of	
healthy	women	

home	
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Log	of	Pa1ent	ID	
M
od

el
	S
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re
	

Something is strange about the Patient ID 

245 Patients:  

36% Cancer 

414 Patients:  

1% Cancer 

1027 Patients 

0% Cancer 

18 Patients:  

85% Cancer 

M
od

el
	sc

or
e	

Log of  Patient ID 

Every point  
is a candidate 

The model learned the implicit location of the fMRI… 

Patient ID is extremely predictive 
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Big	Picture?	
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Beware of (unintentional) discrimination based on 
predictability 
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Thank You! 

Claudia Perlich 


