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What doctors and patients actually 
want to know: why is this happening 

and what can they do about it?



Data to knowledge



Action requires causality 

“The second lesson is that, when trying to make 
predictions you needn’t worry too much about why 
your models work… And, in the prediction business, 
you just need to know that something works, not 
why.” 

Stephens-Davidowitz, S. (2017) Everybody Lies. Bloomsbury.



Predict

David Lazer et al. Science 2014;343:1203-1205

Published by AAAS



People should stop training radiologists now. It’s just 
completely obvious that within five years deep learning is 
going to do better than radiologists because it’s going to 
be able to get a lot more experience. 

Geoff Hinton in 2016

 

https://www.youtube.com/watch?v=2HMPRXstSvQ

https://www.youtube.com/watch?v=2HMPRXstSvQ
https://www.youtube.com/watch?v=2HMPRXstSvQ


Predict

https://jrzech.medium.com/what-are-radiological-deep-learning-models-actually-learning-f97a546c5b98



Explain

tylervigen.com



Explain



Explain

C. Merck and S. Kleinberg. Causal explanation under indeterminism: A 
sampling approach. AAAI, 2016.



Control

Reducing class sizes in Tennessee led to better 
scores on standardized tests 

Will it work in California?

Bohrnstedt, G. W. and Stecher, B. M. (eds.) (2002). What We Have Learned about Class 
Size Reduction in California . American Institutes for Research, Palo Alto, CA.



Kleinberg & Elhadad  (2013) AMIA

Claassen et al.  (2016) PLoS ONE

Heintzman & Kleinberg (2016) JBI

Can we learn.. 

risk factors for heart failure 

what leads to an individual’s hyperglycemic 
episodes  

causes of secondary brain injury 

from observing people?



Logic-based causal inference

Complex, temporal relationships 

(PCTL + some additions) 

v ⇝≥15,≤40
≥0.4 g

εavg(c, e) =
P(e |c ∧ x) − P(e |¬c ∧ x)

|X \c |



Can we trust the data?



Application: learning from 
patient generated health data

• Chronic diseases are managed primarily by 
individuals 

• Outpatient data brings even more uncertainty than 
EHR data



FDA guidance

95% of fingerstick BG values must be within 15% of the 
actual value 

A value of 150 could be [128, 172] 

A value of 70 could be [60,81] 



CGM accuracy is also a function of time

https://www.fda.gov/media/112142/download



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

17 subjects with T1DM, sensor 
data (collected for >72 hours)  

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

• intense activity leads to 
hyperglycemia in 5-30min 

only found when modeling 
uncertainty 



Latent variables are 
not always latent



• Leverage prior knowledge (experts, other experiments) 

• Be robust to wrong/inapplicable knowledge 

• Reconstruct time series 

• Identify inconsistencies 

• Iterate



1. reconstruct data 

2. find errors 

3. infer causes



ours tsFCI

truth



We can use knowledge of the effect of meals on glucose 
to recover latent meals and their effects 

We find: exercise causes meal in 60-85min, moderate 
exercise causes hypo in 70-90min, 67 meals recovered 
tsFCI: 1 latent variable, and hypo/hyper cause themselves 

M. Zheng, and S. Kleinberg. (2019) Using Domain Knowledge to Overcome Latent Variables in Causal 
Inference from Time Series. Machine Learning for Healthcare.



Stroke
• 98 patients with subarachnoid hemorrhage 

• Monitoring included 
• Depth and surface EEG 
• Microdialysis  
• Physiologic measurements



Data for 3 ICU patients. Purple = missing 

Time

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)



0-96 hrs

96-168 hrs

Claassen J, Rahman SA, Huang Y, Frey H, Schmidt M, Albers D, Falo CM, Park S, Agarwal S, Connolly ES, 
Kleinberg S (2016) Causal structure of brain physiology after brain injury. PLoS ONE.
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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.



Does this actually help 
people make decisions?



From knowledge to 
action





• Which causes do we find? 

• Stronger causes 

• Earlier causes 

• Modifiable factors  

• Are some causes more valuable than others?



Super pencils/ 
Blicket detector
Griffiths et al. 2011 

Mind-reading aliens
Mayrhofer & Waldmann 2011 

Soo & Rottman 2018 
Drug+microorganism size



Can causal information aid 
decision-making in familiar 

scenarios?





89% 80%

Zheng M, Marsh JK, Nickerson JV, Kleinberg S. How Causal Information Affects Decisions. CRPI (2020)



Are people doing worse 
because they have 

experience with the domain?





Causal information helps the 
less experienced

Accuracy 
increases from 
71 to 87% for 
people without 
diabetes



Are people losing 
confidence?



Causal information affects 
confidence in decisions

83% v. confident 70%

No info Causal model

Experience

No  
experience

92% correct 82% correct

42% v. confident 69%
87% correct 94% correct



What if we change what 
people think they know?

Kleinberg & Marsh. Tell Me Something I Don’t Know. CogSci (2020)



Knowing what you don’t know

Subjective

Control

No info Causal model

71% correct 71%

75% correct 60%



Knowing what you don’t know

Objective

Control

No info Causal model

73% correct 72%

72% correct 59%



Action requires 
causality

But causality alone isn’t enough



We need evaluations of utility 
of algorithms (not just 

accuracy)

Explainable AI Usable AI



Information must be 
personalized



Thanks! Teams at @ Columbia,  
Stevens, Lehigh 

Funded by NLM/NIH, NSF, and JSMF



Consciousness
Vital for decision-making, but time consuming to assess 
and poorly understood 

• EEG can help assessment (Claassen J, et al. 
(2016). Ann Neurol) 

• Changes in consciousness associated w/outcomes 
(Reznik ME, et al. (2018) Neurocrit Care) 

• Brain lesions associated w/ impaired consciousness 
(Rohaut, B. et al. Scientific Report. (in press))





What if we had an automated indicator for 
consciousness?



CUMC 
Neuro-ICU

Respiratory and cardiovascular 
signals 
Brain-related indicators



Data

• 61 subarachnoid hemorrhage patients in NICU 

• 302 assessments of consciousness daily during 
morning rounds (between 1 and 18 per patient) 

• Focusing here on impaired and intact 
consciousness



Yavuz, T. Claassen J, and Kleinberg S. Lagged Correlations among Physiological Variables as Indicators of 
Consciousness in Stroke Patients. (under review).
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BrT: brain temp 
PbtO2: brain oxygenation 
ICP: intracranial pressure 
RR: respiration rate 
HR: heart rate


