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About me: Samantha 
Kleinberg

• PhD in CS 

• Have worked in biomathematics, bioinformatics/
computational biology, biomedical informatics 

• Current research 
• Time series data, causal inference 
• Decision-making/cognition 
• Mobile health



Translating data into 
knowledge 

• Potential 

• Finding new treatments 

• Understand causes of recovery/poor outcome 

• Challenges 

• Missing data 

• Data quality 

• Observation vs. underlying physiology



Successes
• Congestive heart failure 

• Early risk factors 

• Diabetes 
• Link between exercise and hyperglycemia 

• Stroke 
• Different mechanisms for brain swelling



Congestive heart failure

Months before CHF diagnosis

Kleinberg S, Elhadad N (2013) Lessons Learned in Replicating Data-Driven Experiments in Multiple 
Medical Systems and Patient Populations. In: AMIA Annual Symposium.



Diabetes
• Used causal inference 

methods + body-worn 
sensors to find cause of 
changes in glycemia 

• intense activity leads 
to hyperglycemia 

N. Heintzman and S. Kleinberg. Using Uncertain Data from Body-Worn Sensors to Gain Insight into 
Type 1 Diabetes. Journal of Biomedical Informatics (2016)



ICU data: high frequency, often 
missing

• Device malfunctions 

• Device connected to perform a procedure 

• Different monitors started at different times 

• Different recording frequencies

TW% BrT CI CO2EX CPP CVP ELWI GEDI GLU GLU2panel HR ICP
0296 0.56001433 0.55845172 0.45439822 0.77027571 0.89076666 0.80927443 0.47893916 0.47893916 0.07274971 0.07943021 0.98646971 0.92582606
962168 0.69029286 0.71585128 0.67012404 0.80326783 0.91217418 0.84294797 0.56494303 0.56494303 0.13405794 0.03836355 0.98382787 0.94543471

56.0014325 55.845172 45.4398223 77.0275708 89.0766656 80.9274429 47.893916 47.893916 7.27497093 7.94302149 98.6469713 92.5826062
69.0292858 71.5851282 67.0124038 80.3267833 91.2174176 84.294797 56.4943028 56.4943028 13.4057939 3.83635458 98.3827871 94.5434715
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S. A. Rahman, Y. Huang, J. Claassen, N. Heintzman, and S. Kleinberg. Combining Fourier and Lagged k-
Nearest Neighbor Imputation for Biomedical Time Series Data. Journal of Biomedical Informatics (2015)



Stroke

Claassen J, Rahman SA, Huang Y, Frey H, Schmidt M, Albers D, Falo CM, Park S, Agarwal S, Connolly 
ES, Kleinberg S (2015) Causal structure of brain physiology after brain injury. PLoS ONE.



More descriptive structures
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Zheng, M, Claassen J, Kleinberg S (2018)  Automated Identification of Causal Moderators in Time-
Series Data. ACM SIGKDD Workshop on Causal Discovery.



Please introduce yourself 

Name 
major 

why you’re here



Administrative stuff
• Course website:  
http://www.skleinberg.org/teaching/CI18 

• Prerequisites: none 
• Textbook: none, articles 
• Everything on syllabus CAN CHANGE (will 

make announcement in class) 
• Workload/grading: 

• midterm exam (30%), final project (50%), 
participation (15%), homework (5%) 

• Participation includes weekly reading 
discussions



Some previous final projects

• Does popularity cause campaign contributions? 

• What causes flight delays at Newark airport? 

• Is the value of bitcoin driven by exchange rates? 

• Does fracking cause earthquakes?



Key policies
1. No late work. There are few deadlines, but if the 

deadline’s 11:59pm, work submitted at 12:01am 
isn’t accepted.  

 Do not email me saying the time changed as you  
were submitting. That is the definition of late. 

 Why? Try submitting an NIH grant or conference     
paper 2 minutes late! 

2. Plagiarism =  F



What’s plagiarism?
Presenting someone else’s work as your own  

• Copying an entire paper 
• Copying parts of other works, without attribution 

• E.g. quotes without citations, images  
• Changing a few words, but keeping ideas and 

structure, without acknowledging source 
  
Easy to avoid! Do your own work and 
acknowledge all sources. Quotes must be in 
quotes. Don’t submit a collage.



1. Quotes belong in quotation 
marks

• WRONG! 
• Blah blah. Text from other papers. Blah Blah. 

[Citation] 
• Section 1 [Citation]. Text you did not write. 
• Section 1 [Full text of someone else’s paper] 

References Else, Someone. “Paper you 
copied from” 

• Right ☺ 
• My text “Quote from awesome work.” [citation] my text



Seriously, papers are not 
collages

• “But the other paper said what I wanted to!” 
• Put it in your own words 

• “It’s just reference material” 
• Then add a reference to it 

• “I copied from your book because you said it so 
well!” 
• I am not senile and will recognize my own 

words



3. No copying/close 
paraphrasing

http://researchguides.stevens.edu/plagiarism



If you’re having trouble…

• Come to office hours! Monday 1:45-2:45 in North 
208 and by appointment 

• Email me



Causal claims abound



What is a cause?



“Most striking, society will need to shed some of its 
obsession for causality in exchange for simple 
correlations: not knowing why but only what.” 

Mayer-Schonberger, V. and K. Cukier. (2013) Big Data: A Revolution That Will Transform How 
We Live, Work, and Think. Earnon Dolan/Houghton Mifflin Harcourt, (page 7).



Why is causality hard?

• No single definition 

• No fail-proof method for finding it 

• Observational data



Causality has 
consequences

• Sally Clark’s 1st son died in 1996, as a result of 
SIDS 

• Her 2nd son died in 1999, also as a result of SIDS 

• Prosecutors argued too unlikely to both be SIDS, 
must be murder. 
• Chance of SIDS = 1/8,543 so chance of 2 deaths = 1/

(8,543*8,543)  (approx 1 in 73 million) 
• What’s wrong with this?



XMRV leads to CFS?



XMRV leads to CFS?

“I think it settles the 
issue of whether the 

initial report was real or 
not”



But …



Why do we need causes?

• Prediction 

• Explanation 

• Intervention



Google flu





Prediction

Blackouts Season Smoking rate

match sales
lung cancer rate



Prediction, continued
Gene mutation

lower exercise 
tolerance Disease A



http://xkcd.com/552/



Correlation





Correlations abound

• High HDL is related to lower heart disease 

• Height and age 

• Tides and traffic on the west side highway 

• XMRV and CFS



Correlation = 0!

Redelmeier DA, Tversky A (1996) On the belief that arthritis pain is related to the 
weather. Proceedings of the National Academy of Sciences 93(7):2895-2896.



Correlation and Causation
• What’s a correlation?  

• Relatedness of variables across samples or 
time 

• Common measure: Pearson’s correlation coefficient

r = ∑i=1
n (Xi − X)(Yi −Y)

∑i=1
n (Xi − X)

2 ∑i=1
n (Yi −Y)

2



Measuring correlation

Cups of coffee (X) vs. correct test 
answers (Y)

X Y
0 1

1 1

3 3
4 5

5 5

r = (5.2+3.2+ 0+ 2.8+ 4.8) / 4.1473× 4
r = 0.9645

r = ∑i=1
n (Xi − X)(Yi −Y)

∑i=1
n (Xi − X)

2 ∑i=1
n (Yi −Y)

2





Hidden Common Causes



Correlation with some 
causation



Nonstationary time series

http://bama.ua.edu/~sprentic



Nonstationary time series

S. Kleinberg. (2015) Why: A Guide to Finding and Using Causes. O’Reilly Media. 



Restricted range



Canceling out



Simpson’s paradox

Treatment

Dead Alive

A 85 215 (72%)

B 59 241 (80%)

Total 144 456



Causation without correlation: 
Simpson’s paradox

Treatment
Men Women Combined

Dead Alive Dead Alive Dead Alive
A 80 120 (60%) 5 95 (95%) 85 215 (72%)
B 20 20 (50%) 39 221 (85%) 59 241 (80%)

Total 100 140 44 316 144 456

Baker SG, Kramer BS (2001) Good for women, good for men, bad for people: Simpson's paradox 
and the importance of sex-specific analysis in observational studies. Journal of women's health & 

gender-based medicine 10: 867-872



Explanation (1)

• Why are two variables related?

Diabetes

Blurred 
vision Weight lossCKD

Renal 
failure medication



Explanation (2)
• General causes of illness vs. cause of a specific patient’s 

illness 

• Why did an event happen? 

• Why did a particular person develop lung cancer at age 
42? 

• What led to the U.S. recession in 2007? 

• Is a stroke patient’s secondary brain injury due to seizures?



Automating explanation
• Methods for finding causes from data, but what 

about explaining events? 

• Practical problem, but challenging 

• Information incomplete 

• Where do explanations come from? 

• General and singular can differ



Intervention
• Why do we need causes to take action? 

• Buying stocks 

• Taking vitamins 

• Decreasing sodium to prevent hypertension 

• What happens if we intervene on a correlated factor?



Using causes to guide 
intervention

Blackouts Season Smoking rate

match sales
lung cancer rate



Using interventions to find 
causes

• Does playing violent video games make children 
violent? 

• Does too little sleep increase mortality rate? 

• Does medication cause side effects?



Recap
A cause 

….allows prediction of future events 
….can explain connections 
….can explain occurrences 
….enables interventions to prevent/produce 
outcomes 

BUT! Not every cause does and the story is more 
complicated



CUMC Neuro-ICU

Causality & time



Interpretation in the absence 
of time

• Compare: 

• A. Smoking causes lung cancer with probability ≈ 
1 after 90 years 

• B. Smoking causes lung cancer with probability 
= ½ in less than 10 years.



Probability
• Few relationships deterministic 

• Relationship vs. limits of knowledge 

• Understanding risk 

• Choosing intervention target 
• Medication efficacy vs. side effects 

• Can also measure strength of relationship



Complexity
• Interactions 

• Smoking + lung cancer: other conditions 
affecting probability and time: genetics, 
environment 

• Planning effective interventions 
• Political Speeches 

• Durations, conjunctions, sequences of events



Decision-making

• Should I have oatmeal 
or a fruit salad? 

• When is the best time 
to run? 

• How should I invest my 
retirement savings?



Course overview

Weeks 4-8 

How can we 
find causes?

Weeks 9-12 

When can 
we find 
causes?

Weeks 
13-14 

Projects
+ 

Special 
topics

Weeks 
1-3 

What  
Is a 

cause?



Three main questions
• What is a cause? 

• Theories of what distinguishes them from correlations and how we can 
identify them 

• How can we find causes? 

• Features of causes that allow us to learn about them 

• When can we infer causes?  

• Methods for inference from data 

• Study design 

• Applications to challenging cases



• Causal inference: finding causal relationships from 
data 

• Causal explanation: finding reason for a specific 
event that occurs at a particular time and place



Mo data, mo problems 
• Big ≠ good 

• Uncertainty 

• Selection bias 

• Signal:noise 

• Interpretation 

• Time 

• Ground truth



Many unsolved problems
• Hidden variables 

• Relationships that change over time 

• Hypothesis generation 

• Estimating uncertainty 

• Testing assumptions 

• Automating explanation



Philosophy:	
What is a cause?



Philosophy:	
What is a cause?

Computer	Science:	
How can we automate 
inference/explanation?

How do we learn of 
causes?



Psychology:	
How do we gain and 

use causal knowledge? 

Philosophy:	
What is a cause?

Computer	Science:	
How can we automate 
inference/explanation?What’s the 

relationship 
between 

moral and 
causal 

judgment?

How do we learn of 
causes?



Psychology:	
How do we gain and 

use causal knowledge? 

Philosophy:	
What is a cause?

Computer	Science:	
How can we automate 
inference/explanation?

Epidemiology:	
What affects human 

health?

What’s the 
relationship 

between 
moral and 

causal 
judgment?

How do we learn of 
causes?

Large-scale 
analysis of 

EHRs



Psychology:	
How do we gain and 

use causal knowledge? 

Philosophy:	
What is a cause?

Computer	Science:	
How can we automate 
inference/explanation?

Medicine/biology:	
Applications to 
neuroscience, 

genomics 

BNs

Epidemiology:	
What affects human 

health?

RCTs

What’s the 
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Psychology:	
How do we gain and 

use causal knowledge? 

Economics:	
Do policies achieve 

goals? 

Philosophy:	
What is a cause?

Computer	Science:	
How can we automate 
inference/explanation?

Medicine/biology:	
Applications to 
neuroscience, 

genomics 

Granger causality

Epidemiology:	
What affects human 

health?

Why do people behave 
as they do? 

What’s the 
relationship 

between 
moral and 

causal 
judgment?

RCTs

Large-scale 
analysis of 

EHRsBNsHow do we learn of 
causes?



Granger causality beyond economics

Medicine/biology:	
Applications to 
neuroscience, 

genomics 

Granger causality

Seth AK (2010) A MATLAB toolbox for 
Granger causal connectivity analysis. J 

Neurosci Methods 186: 262-273.

Economics:	
Do policies achieve 

goals? 

Kamiński M, Ding M, Truccolo WA, Bressler SL (2001) 
Evaluating causal relations in neural systems: Granger 

causality, directed transfer function and statistical 
assessment of significance. Biological Cybernetics 85: 

145-157.



EHR analysis

Computer	Science:	
How can we automate 
inference/explanation?

Epidemiology:	
What affects human 

health?

Large-scale 
analysis of 

EHRs



Causal judgment

Psychology:	
How do we gain and 

use causal knowledge? 

Philosophy:	
What is a cause?

What’s the 
relationship 

between moral 
and causal 
judgment?

The receptionist in the philosophy department keeps her desk 
stocked with pens. The administrative assistants are allowed 
to take the pens, but faculty members are supposed to buy 
their own.   

The administrative assistants typically do take the pens. 
Unfortunately, so do the faculty members. The receptionist has 
repeatedly emailed them reminders that only administrative 
assistants are allowed to take the pens.   

On Monday morning, one of the administrative assistants 
encounters Professor Smith walking past the receptionist’s 
desk. Both take pens. Later that day, the receptionist needs to 
take an important message… but she has a problem. There 
are no pens left on her desk. 

18 students, -3 to 3 scale 
Professor: 2.2 
Assistant: -1.2 

-Professor caused it? 
-Assistant caused it?



Turing award + Nobel prize



For next week
Rasputin was led to a cellar and served cake and wine 
laced with cyanide – enough poison to kill 5 men.  
This failed, so he was shot in the back.  
Once again Rasputin survived…only to be shot again.  
They then bound him and threw him in an icy river.  
He escaped the bonds, but drowned.  
What caused his death? 

See syllabus for reading 
Reading responses due Friday at noon!


