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#KDD2014 

Data, Predictions, and Decisions in 
Support of People and Society 



Data Science for Social Good 

Critical contributions to humanity 
 

Learning, inference, and decision making  
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Inference for high-stakes challenges 



H. & A. Seiver, UAI 1997  

http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/trauma.HTM
http://research.microsoft.com/en-us/um/people/horvitz/trauma.HTM
http://research.microsoft.com/en-us/um/people/horvitz/trauma.HTM


Data 

Decision Model 

Decisions 

Predictive Model 

Predictions 

Predictions to Decisions 
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Learning procedures keeping pace with data   

Exciting Times 
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Co-occurred 

Rise of Rich Representations   

D. Lin, A. Kapoor, G. Hua, S. Baker, ECCV 2010  

http://research.microsoft.com/en-us/um/people/akapoor/papers/ECCV 2010.pdf


Rise of Rich Representations   
  

  

J. Shotton, J. Winn, C. Rother, A. Criminisi 
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Rise of Rich Representations   
  

  

J. Shotton, J. Winn, C. Rother, A. Criminisi 
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Renaissance of Familiar Methods 
Pursuit of speech, vision with stacked representations 
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Conversational Speech: Switchboard challenge 

Renaissance of Familiar Methods 
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Renaissance of Familiar Methods 

M. Zeiler, R. Fergus, Arxiv (2013) 
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Conversational Speech: Switchboard challenge 

Pursuit of speech, vision with stacked representations 
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Conversational Speech: Switchboard challenge 

Renaissance of Familiar Methods 



Large-scale  

systems 

Data, Learning, and Systems 

Algorithms for learning 

& inference 



Beauty and the Bottleneck 

Hekaton: Database service 

   In-memory, manycore, latch-free: 

         30x speed-up 
 

Trill: Streaming analytics   

   Column-oriented batches, P3 sort:                                          

    2-4 orders of magnitude speed-up 
  

Catapult: Data center search perf. 

  Speed-ups via FPGA 

        40x speed-up 

 

 

http://vldb.org/pvldb/vol5/p298_per-akelarson_vldb2012.pdf
http://research.microsoft.com/pubs/214609/trill-TR.pdf
http://research.microsoft.com/pubs/212001/Catapult_ISCA_2014.pdf


Data Science for Social Good 

Transportation 

Clinical medicine 

Public health 



Multiple views on traffic 

• Event store 

• Learning 

• Reasoning 

Operator ID: Nick 

Heading: INCIDENT 

Message: INCIDENT 

INFORMATION 

Cleared 1637: I-405 SB 

JS I-90 ACC BLK RL CCTV 

1623 – WSP, FIR ON SCENE 

 

Incident reports 

Weather 

Major events 

Smartflow, UAI 2005 

Inferences about Traffic 

H., J. Apacible, R. Sarin, L. Liao, UAI 2005 

http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf


System-wide status 
& dynamics 

Incident reports 

Sporting events 

Weather 

Time of day 

Day of week 

Season 

Holiday status 

Traffic forecasting service 

Store 
 

Cloud-based 
inference 

 Base-level predictions 

 

Forecasting Future Traffic 

Max likely duration 

H., J. Apacible, R. Sarin, L. Liao, UAI 2005 

http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
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Forecasting Future Traffic 

 Surprise forecasting models 

 

H., J. Apacible, R. Sarin, L. Liao, UAI 2005 

http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf
http://research.microsoft.com/en-us/um/people/horvitz/horvitz_traffic_uai2005.pdf


Clearflow 
 

Case library 

~1,000,000 km 

~100,000 trips 

http://research.microsoft.com/en-us/projects/clearflow/default.aspx


Road segment properties 

Proximal resources 

Computed flow relationships 

Real-time flow status and relationships 

Real-time major events 

Time, day, month 

Weather 

Computed road relationships 
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Time, day, month 
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Computed road relationships 





t 
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Traffic-Sensitive Routing 
 

 

    72 cities across North America 

    Flows assigned to ~60 million streets every few minutes 



Traffic-Sensitive Routing 



Traffic-Sensitive Routing 
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s9 

Krause, H., et al., IPSN 2008 

Community Sensing 
 Utilitarian: Demand-weighted value  

http://research.microsoft.com/en-us/um/people/horvitz/community_sensing.pdf
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Krause, H., et al., IPSN 2008 

Community Sensing 
 Utilitarian: Demand-weighted value  

http://research.microsoft.com/en-us/um/people/horvitz/community_sensing.pdf
http://research.microsoft.com/en-us/um/people/horvitz/community_sensing.pdf


Community Sensing 
 Utilitarian: Demand-weighted value  

Variables of spatiotemporal process 
 

 

 

 

Phenomenon 

Demand  
Model 

Sharing 
Preferences 

Sensor 
Availability 

Population needs 

Avail. of observations B at locations A 

Krause, H., et al., IPSN 2008 

http://research.microsoft.com/en-us/um/people/horvitz/community_sensing.pdf
http://research.microsoft.com/en-us/um/people/horvitz/community_sensing.pdf


Community Sensing 
 Utilitarian: Demand-weighted value  

Krause, H., et al., IPSN 2008 

http://research.microsoft.com/en-us/um/people/horvitz/community_sensing.pdf
http://research.microsoft.com/en-us/um/people/horvitz/community_sensing.pdf


Into the Sky: Aviation 

NOAA: Winds Aloft 

A. Kapoor, H., et al., IPSN 2014. 

http://research.microsoft.com/en-us/um/people/horvitz/planesenors.pdf
http://research.microsoft.com/en-us/um/people/horvitz/planesenors.pdf


Thousands of Wind Sensors 



Observed Track and Ground Speed 

Wind Velocity 

(𝒗𝒙, 𝒗𝒚) 

(𝒕𝒙,) 

Thousands of Wind Sensors 



Observed Track and Ground Speed 

Wind Velocity 

(𝒗𝒙, 𝒗𝒚) 

(𝒕𝒙,) 

Thousands of Wind Sensors 



Start 

Ground Truth 

NOAA 
Aloft data 
Planes + aloft 

Studies 

End 

NOAA: 56.1 Miles 
 

Planes + Aloft: 11.6 Miles 

A. Kapoor, H., et al., !PSN 2014. 

http://research.microsoft.com/en-us/um/people/horvitz/planesenors.pdf
http://research.microsoft.com/en-us/um/people/horvitz/planesenors.pdf
http://research.microsoft.com/en-us/um/people/horvitz/planesenors.pdf


Windflow 

http://windflow.azurewebsites.net/ 

Azure Cloud Service:  

http://windflow.azurewebsites.net/
http://windflow.azurewebsites.net/
http://windflow.azurewebsites.net/
http://windflow.azurewebsites.net/
http://windflow.azurewebsites.net/


Rich dataset: All visits,15 years of data 
 
 

Admissions, discharge, transfer (ADT) 

Chief complaint in free text  

Age, gender, demographics 

Diagnosis codes (ICD-9) 

Lab results and studies 

Medications 

Vital signs 

Procedures 

Locations in hospital 

Admitting and attending MD codes 

Fees and billing  

~30,000 variables available in dataset 

Clinical Medicine 



  ~20% within 30 days 
 

  ~35% in 90 days 
 

 Estimated cost to Medicare (2004):  

    $17.4 billion 

Readmissions Challenge 



Predicting Readmission 

With M. Bayati, M. Braverman, P. Koch 



Readmissions Manager 

Going Live 

Readmissions  

Manager 

http://www.caradigm.com/media/19683/Caradigm-Readmissions-Management.pdf
http://www.caradigm.com/media/19683/Caradigm-Readmissions-Management.pdf
http://www.caradigm.com/media/19683/Caradigm-Readmissions-Management.pdf
http://www.caradigm.com/media/19683/Caradigm-Readmissions-Management.pdf
http://www.caradigm.com/media/19683/Caradigm-Readmissions-Management.pdf
http://www.caradigm.com/media/19683/Caradigm-Readmissions-Management.pdf


At Hospitals around World 



Interpretability 

Considering human interpretability   
 

Procedures that allow end users to understand 

contribution of individual features 

 

What influence does changing observations x have 

if other values are not changed?   

 



Interpretability--Power Tradeoff 

Y. Lou, R. Caruana, J. Gehrke, G. Hooker, KDD, 2013. 



Interpretability--Power Tradeoff 

Y. Lou, R. Caruana, J. Gehrke, G. Hooker, KDD, 2013. 



Capturing Key Interactions 
Efficient means to identify pairwise interactions 

Y. Lou, R. Caruana, J. Gehrke, G. Hooker, KDD, 2013. 



Insights about Interactions 

          Betamethasone 
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Decisions 



Predictions 

Data 

Decisions 

Outcome? 

Intervene? 

? 

A+ 

A- 

p(Readmit | E) 

Decisions 



Most frequent dx for hosp. Medicare patients 

Example: Heart Failure 

6–10% of folks over 65 

$35 billion/yr US 

With M. Bayati, M. Braverman, P. Koch, 

K. Mack, G. Ruiz, M. Smith 

Decision:  

Invest in post-discharge 

program for patient? 



Utility Model  



Exploration with Decision Pipeline 
Data Decision Prediction 

E1 

. 

. 

. 

. 

En 

Special intervention? ? 

Special program 

No program 
Train 

Test 

$  D readmission 



$800 intervention @ 35% efficacy? 

         31.4% readmissions      $13.2%. 

Decision Pipeline  Visualization 



$1800 intervention @ 20% efficacy? 

Decision Pipeline  Visualization 



Errors, Adversity, and Deaths 

Deaths:  

     44,000 - 98,000 preventable deaths per year   

         “To Err is Human,” Inst. of Medicine, 2000 
 

Adverse events:  

      44% preventable.  

                 Levinson, 2010 

Costs:   

 $17 to $29 billion per year in U.S. 

                  Thomas, et al., 1999 



    At discharge time:                                                                                               

       p(readmit < 72 hrs.|E) with new primary diagnosis. 

 

 Opportunity to Detect Errors 

e.g., Predict surprise at emergency dept. 

With M. Bayati, M. Braverman, and J. Gatewood 



1 in 20 hospitalizations, ~$20 billion/yr.  

5% death: top 10 contributor of death in US 
 
 

Hospital-Associated Infection 

     Predicting C.Difficile < 48 hrs 
 

With W. Campbell, E. Franklin, J. Guttag, J. Wiens 

http://ofid.oxfordjournals.org/content/1/2/ofu045.full.pdf
http://ofid.oxfordjournals.org/content/1/2/ofu045.full.pdf
http://ofid.oxfordjournals.org/content/1/2/ofu045.full.pdf
http://ofid.oxfordjournals.org/content/1/2/ofu045.full.pdf
http://ofid.oxfordjournals.org/content/1/2/ofu045.full.pdf
http://ofid.oxfordjournals.org/content/1/2/ofu045.full.pdf
http://ofid.oxfordjournals.org/content/1/2/ofu045.full.pdf
http://ofid.oxfordjournals.org/content/1/2/ofu045.full.pdf
http://ofid.oxfordjournals.org/content/1/2/ofu045.full.pdf


Susceptibility 

(t) 
Exposure 

(t) 

Infection, t 

Data on Time and Space    



Susceptibility 

(t) 
Exposure 

(t) 

Infection, t 

Space & time 

J. Wiens,  J. Guttag, H., NIPS 2012 

Data on Time and Space    

http://research.microsoft.com/en-us/um/people/horvitz/nips2012_CDiff_temporal.pdf
http://research.microsoft.com/en-us/um/people/horvitz/nips2012_CDiff_temporal.pdf
http://research.microsoft.com/en-us/um/people/horvitz/nips2012_CDiff_temporal.pdf
http://research.microsoft.com/en-us/um/people/horvitz/nips2012_CDiff_temporal.pdf
http://research.microsoft.com/en-us/um/people/horvitz/nips2012_CDiff_temporal.pdf


NIPS 2012: AUC: 0.69  0.79 

Temporal Models and Prediction 

J. Wiens,  J. Guttag, H., NIPS 2012 

http://research.microsoft.com/en-us/um/people/horvitz/nips2012_CDiff_temporal.pdf
http://research.microsoft.com/en-us/um/people/horvitz/nips2012_CDiff_temporal.pdf
http://research.microsoft.com/en-us/um/people/horvitz/nips2012_CDiff_temporal.pdf
http://research.microsoft.com/en-us/um/people/horvitz/nips2012_CDiff_temporal.pdf


Causal Discovery 
Pt. acquires C. Difficile? 

Models & 

Insights 

Cases 
• diabetes = TRUE 

• history of C. Diffi = TRUE 

• hospital service = gsg (general surgery) 

• meds= acetylcysteine (n-acetylcys) 

• meds = lidocaine hcl 

• meds = clindamycin phosphate 

• platelet count = C (thrombocytosis) 

• unit = 2g 

• albumin = L (hypoalbuminemia) 

• admission source = transfer 

• attending MD= XXXXXX 

• unit = 2d 

• CO2  = L (hypocapnea) 

• city = XXXXXX 

• employer name = Not Employed 

• monocyte percent = H 

• 70<=age<80 

• wbc = H (white blood cell count) 

• admission procedure = catheterization 

• admission complaint =gastrointestinal 

• last visit meds = fentanyl citrate 

• meds = hydromorphone hcl 

Studies in 

causality 

J. Wiens, H.  



Causal Discovery 

X Y 

Z 

X Y 

Z 

X Y 

Z 

X Y 

Z 

X Y 

Z 

Given X^Y and ( X^Y | Z), 

Is the only possible causal model 



Web for Planetary-Scale Sensing 

64 Leskovec & Horvitz, WWW 2008  

http://research.microsoft.com/en-us/um/people/horvitz/leskovec_horvitz_www2008.pdf
http://research.microsoft.com/en-us/um/people/horvitz/leskovec_horvitz_www2008.pdf


 Web search as sensor for side effects?  

      1 in 250 of people query on top-100 drugs. 

Signals on Medication Adverse Effects 



Pharmacovigilence: spontaneous reports 

    FDA Adverse Event Reporting System (AERS) 

Pravachol       Hyperglycemia 

        Paxil       Hyperglycemia 

2011 finding (Tatonnetti, et al.):   

Paxil + Pravachol       Hyperglycemia 

Signals on Medication Adverse Effects 

R. White, N. Tatonetti, N. Shah, R. Altman, H. 

http://research.microsoft.com/en-us/um/people/horvitz/Pharmocovigilance-signals from the crowd.pdf
http://research.microsoft.com/en-us/um/people/horvitz/Pharmocovigilance-signals from the crowd.pdf
http://research.microsoft.com/en-us/um/people/horvitz/Pharmocovigilance-signals from the crowd.pdf
http://research.microsoft.com/en-us/um/people/horvitz/Pharmocovigilance-signals from the crowd.pdf


 

Disproportionality analysis 

       - Reporting ratios (RR)--obs. vs. expected:  

   

Hyperglycemia-related terms 

Pravastatin Paroxetine 
a 

b 

c d 

𝑅𝑅 =    

𝑎
𝑏
𝑐
𝑑

 

Web-Scale Pharmacovigilance 



Characterizing Sensor Error 
 

 Test on known interactions 
 - 31 true positives for hyperglycemia 

 - 31 true negatives for hyperglycemia 

 



Rare, Serious Adverse Effects 

   

R. White, R. Harpaz, et al., Nature CPT 2014 

AERS Web 

Multi-item Gamma Poisson shrinker algorithm  (DuMouchel and Pregibon, KDD) 

OMOP 

http://www.nature.com/clpt/journal/v96/n2/full/clpt201477a.html
http://www.nature.com/clpt/journal/vaop/ncurrent/full/clpt201477a.html


Complementarity of Signals 

                                               AERS                Search 

AUC improvements statistically significant (p<0.05) 
 

Together 

R. White, R. Harpaz, et al., Nature CPT 2014 

http://www.nature.com/clpt/journal/v96/n2/full/clpt201477a.html
http://www.nature.com/clpt/journal/vaop/ncurrent/full/clpt201477a.html


Mean 

Annual                          
fluctuation 

Wide Range of Studies 
e.g., Nutritional content of downloaded recipes 

R. West, R. White, H., WWW 2013 

Total calories / serving Calories from carbohydrates 

http://research.microsoft.com/en-us/um/people/horvitz/dietary_patterns_recipes.pdf
http://research.microsoft.com/en-us/um/people/horvitz/dietary_patterns_recipes.pdf


Diet & Illness: Heart Failure 
Na+ content in downloaded recipes & admissions 

(DC metro area) 

Pearson correlation: 

r = 0.62,  p = 0.0028 

R. West, R. White, H., WWW 2013 

http://research.microsoft.com/en-us/um/people/horvitz/dietary_patterns_recipes.pdf
http://research.microsoft.com/en-us/um/people/horvitz/dietary_patterns_recipes.pdf


Disruption and Recovery 



Disruption and Recovery 
Lac Kivu quake 

Feb 3, 2008 

5.9  



Cell Tower Call Densities in Rwanda 
3 years of logs of ins and outs of comms. 

140 cell towers, 6 days: 10,527,799 calls 

A. Kapoor, N. Eagle, H., 2010 

http://research.microsoft.com/en-us/um/people/horvitz/people_quakes_communication.pdf
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Detecting the Earthquake 

Normal trend at a cell tower 
 

𝑝 𝑎𝑖
𝑡 𝑁𝑜𝑛 − 𝐸𝑣𝑒𝑛𝑡)~𝑁(𝑚𝑖 , 𝜎𝑖

2) 

estimate from history 

Measure deviation from the trend 
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Inferring the Epicenter 

  Modeling deviations from the trend 
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Determining the Epicenter 
Radius of towers = % increase in calls 



Determining the Epicenter 
Radius of towers = % increase in calls 



Inferring the Epicenter 

17.12 km 



Inferring Opportunities to Assist 
Opportunities for Assistance  Day 2 



Value of Survey 
Ideal Reconnaissance (Day 2) 
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