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DALYs = YLL + YLD 
 



One DALY equals one  
lost year of healthy life 

 
 

GBD-Compare 
 



Outline of minitutorial 

 
Overview of Disease Burden Measurement 
 
Deep Dive into Cause-of-Death Estimation 
 
The Challenges to Come 
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Pulmonary embolism hours 

Pathological fracture of  
Femur 2 days 

Secondary malignant 
neoplasm (femur) 

2 months 

Malignant neoplasm of  
breast (nipple) 1 year 

Essential hypertension 5 years 

Obesity 10 years 
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Acute myocardial 
infarction 

1 hour 

Essential 
Hypertension 

1 year 

Diabetes mellitus 2 14 years 

Hypothyroidism 24 hours 



Percent of “Garbage” Death Certificates 
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Death Registration Coverage  
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How would you fill in these blanks? 

•  I’m about to tell you how I do, but my solution is not as 
good as I would like.  So I’ll give you a minute to think 
about how you would do it. 

•  For real, go ahead. 

•  Then we will “pair and share”.  This whole bit of active 
learning will take about 7 minutes. 

•  If you have something good, tweet it to me: @healthyalgo 
#SIAMAN16 (or email abie@uw.edu) 
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Verbal Autopsy 
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Book length 
version of this half 
of the mini-tutorial: 
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“Jeremy Smith’s engaging story of  a man obsessed 
with the numbers, and the mortal dramas they tell, 

reads like a novel and is better than any textbook or 
survey of  this planet’s health.” ---Paul Farmer 

 



IHME is Hiring 

http://www.healthdata.org/get-involved/
careers 

 



Outline of minitutorial 

 
Overview of Disease Burden Measurement 
 
Deep Dive into Cause-of-Death Estimation 
 
The Challenges to Come 
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Outline for this half of minitutorial 

Verbal autopsy 
 
Machine learning for predicting cause of 
death 
 
Tools of the trade: python, sklearn, github, 
binder, software carpentry, …  
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Example VA response (this data is real) 

Deceased was 53 Year Old Male, with: 
–  Asthma 
–  Heart Disease 
–  Hypertension 
–  Ankle Swelling 
–  Puffiness of the Face, All Over His Body 
–  Cough, Produced Sputum 
–  Difficulty Breathing - On-and-Off, Worse in Walking 

Position 
–  More than Usual Protruding Belly 
–  Used Tobacco 
–  Drank Low Amount of Alcohol 
–  Free Text: Asthma, Breath, Heart, Lung, Swell, Water 

 

 
Underlying Cause: COPD 

 



PHMRC VA Validation Dataset (GC-13) 

Population Health Metrics Research Consortium (PHMRC) 
study was part of the Bill & Melinda Gates Foundation 
Grand Challenges in Global Health (GC-13, to be specific). 
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Deaths with CoD known and VA collected 
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Site 

Adult Child Neonate 

Total Level 1 Level 2 Level 1 Level 2 Level 1 Level 2 

AP 1,285 269 385 66 376 1 2,382 

Bohol 998 262 234 30 374 0 1,898 

Dar 1,556 162 366 106 1,047 2 3,239 

Mexico 1,373 215 124 4 313 2 2,031 

Pemba 266 31 156 105 261 3 822 

UP 1,277 142 412 87 251 1 2,170 

Total 6,755 1,081 1,677 398 2,622 9 12,542 



Labeled data from GC-13 



Outline for this half of minitutorial 

Verbal autopsy 
 
Machine learning for predicting cause of 
death 
 
Tools of the trade: python, sklearn, github, 
binder, software carpentry, …  
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Live Coding (with a net) 

Find it on GitHub – t.co/9ARJpW2XVC 
 
Use it on Binder – mybinder.org  

 (cf. cloud.sagemath.com) 
 
 



Want to learn more/skill-up students? 



“hello, world” of Scientific Python 

Jupyter (IPython) Notebook 
Matplotlib 
Numpy 
Pandas  
Scikit-Learn 
 



An aside on REPRODUCIBLE RESEARCH 

For more, attend this invited talk: 
 
Victoria Stodden 

 Implementing reproducibility in 
 computational science 

Thursday, 2 PM 



Outline for this half of minitutorial 

Verbal autopsy 
 
Machine learning for predicting cause of 
death 
 
Tools of the trade: python, sklearn, github, 
binder, software carpentry, …  
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What is “machine learning”? 

For my purposes, ML means something very 
specific: 
 

  Although the framework for mapping 
from VA interviews to cause-of-death is fixed, 
the details are learned from data. 
 



Machine learning methods 



“Horserace” paper 

 
Murray et al. BMC Medicine 2014, 12:5 
http://www.biomedcentral.com/1741-7015/12/5 
doi:10.1186/1741-7015-12-5 



Applied Machine Learning for SIAM 

Let us now do something hands-on again, 
make predictions of cause-of-death from VA 
interviews, using sklearn for machine learning 
methods 



Out-of-Sample Predictive Validity 

Water jet caution sign 



Evaluation of ML methods 

ML methods are flexible 
 
Very flexible 
 
Almost too flexible 



Standard Approach 10x 10-fold C-V 

Example in Binder 
 
Very cool recent alternative: reusable hold-out 
approach developed by differential privacy 
crowd, perhaps mentioned in Cythia Dwork’s 
invited talk this morning. 



Question remains: what to optimize? 

Quantity we have been calculating is 
“accuracy”, which is not really what I am 
interested in. 
 



Back to active learning 

On what metric of prediction quality should I 
be focused? 
 
Write, pair, share (time permitting). 
 
If you have something good, tweet it to me: 
@healthyalgo #SIAMAN16 (or email 
abie@uw.edu) 
 



Two metrics for prediction quality 

Individual-level performance: 
 Chance-corrected concordance (CCC) 

 
Population-level performance: 

 Cause-specific mortality fraction (CSMF) 
 accuracy 



Population-level quality 

CSMF Accuracy, 

Predicted CSMF 
True CSMF 



More live coding 

 
It’s too much to really implement it. 
 
Let’s just spend a minute to try to make it work, 
with a pretty secure scaffold. 
 
[If time permits, followed by a word on Test-
driven Development (TDD)] 



Really being out-of-
sample is tricky for CSMF 
Accuracy 
 
 

Unusual part here 

Out-of-sample validation 



Out-of-sample validation 

Resample test set to have random CSMFs 



Chance-corrected CSMF Accuracy 



Outline for this half of minitutorial 

Verbal autopsy 
 
Machine learning for predicting cause of 
death 
 
Tools of the trade: python, sklearn, github, 
binder, software carpentry, …  
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Outline of Minitutorial 

Overview of Disease Burden Measurement 
 
Deep Dive into Cause-of-Death Estimation 
 
The Challenges to Come 

•  Explaining why 
•  Item reduction 
•  Quality Assurance for Translation 

 

53 



Explaining why 

Important for understanding errors, building 
trust 
 



Data-driven Item Reduction 



Quality Assurance for VA Translation 



Conclusion of Minitutorial 

Overview of Disease Burden Measurement 
 
Deep Dive into Cause-of-Death Estimation 
 
The Challenges to Come 

•  Explaining why 
•  Item reduction 
•  Quality Assurance for Translation 
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Thank You! 
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