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But First… 



An Introduction 

•  Tufts University School of  Engineering,  
BS Engineering Science 

•  Tufts University School of  Medicine, 
MPH Epidemiology & Biostatistics 

•  Diseases of  Interest: Primarily MERS & Ebola 
•  Academic Advisor: Dick Larson 
•  Sponsor Lab: HealthMap Computational 

Epidemiology Group at Boston Children’s Hospital 
– Using math to understand how diseases function at the macro scale 
– For emerging infectious diseases, also involves extensive data 

scraping and real-time database construction, management 



Now, without 
further adieu… 



Background: What is Ebola? 
•  Viral hemorrhagic 

fever caused by 
Ebolavirus 

•  Discovered in 1976 
•  Zoonotic: Fruit bats 

> bushmeat > 
human-to-human 

•  Outbreaks primarily 
in rural, forested 
areas… Until 2014 

•  Unprecedented 
magnitude of  
current outbreak 
driven largely by 
cases in densely-
populated cities 



Background: Ebola in West Africa 

•  First case in Guinea, 
12/2013 

•  Never before seen 
in West Africa 

•  Growing rapidly 
•  Thus far: 
–  6263 cases 
–  2917 deaths 

•  Data Sources: 
WHO DONs & 
SitReps 



Background: Ebola in West Africa 



Ebola: A Few Research Questions 

•  Can we make accurate caseload projections? 
–  Can we assess the impact of  control on these projections? 
–  Can these projections be used to aid planning & preparedness? 

•  Can we estimate the case fatality rate (CFR) 
before the outbreak ends? 
–  Applied: What is the lag-time between case reporting and death 

reporting? 
–  Theoretical: How does the shape of  an outbreak’s growth curve 

impact the accuracy of  crude (unadjusted) mid-outbreak fatality 
estimations? 

•  Can we figure out what interventions would have 
the greatest impact on outbreak magnitude? 



Caseload 
Projections 



Overview: Modeling Method 

•  IDEA (Incidence Decay and 
Exponential Adjustment ) 
–  Fisman et al. 2013 
–  Estimates traditional R0, novel 

control parameter d 
–  With R0 and d, can approximate: 

•  Time-till-end (T) 
•  Magnitude (N) at time T 

–  Can also project N over time 
•  Simple, elegant & interpretable! 



Overview: Model Calibration 

•  Define serial interval [generation length] using 
known incubation period and infection duration 

•  Set up case data 
– Specify start date of  each generation (t) since index 
– Record cumulative reported cases at onset of  each 

generation; interpolate if  necessary 

•  Optimize values for R0 & d to minimize SSD 
between reported and modeled cases 



Visualization: Model Projections 
(Assuming Current Conditions) 



Visualization: Model Projections 
(Increasing Control by .001) 



Results: What do they mean? 

•  First Projection: If  nothing changes WRT control, 14K 
total cases by October 26 
–  14K – 6K = 8K new cases between now & then 
–  Planning & Preparedness: Most Ebola hospitals are already at 

capacity > 8K new cases = 8K new beds 
•  Second Projection: If  d shifts up by just .001, 13K total 

cases by October 26 (1000 fewer than if  d = constant!) 
–  Tiny shifts in control = huge impact… But what does a shift 

of  +.001 really mean, practically speaking? 
–  Currently working on a model that determines how different 

types of  interventions have impacted d thus far to quantify 
efficacy (but that’s unfortunately not in-scope for today!) 



Case Fatality Rate 
Estimation 



Overview: Case Fatality Rate 

•  CFR = P(dying|infected) [It’s a risk, not a rate!] 
•  Crude approximation = N(dead)/N(all cases) 
–  Doesn’t work well mid-outbreak; assumes that all hospitalized 

cases will survive, thus underestimating fatality 
–  If  calculated at the end of  an outbreak (when all outcomes 

are known), approximates real probability 
•  …But an accurate estimation of  fatality is useful to know 

mid-outbreak; gives insight into true severity & allows us 
to assess effectiveness of  interventions 
–  Doable if  outcome information is available for cases thus far 
–  …But what if  only cases and deaths at time (t) are available? 



Redefining the Problem: Lag-Time 

•  Critical lag-time (x) between case reporting and death 
reporting results in underestimation of  fatality when using 
crude approximation 
–  If  (x) is known, can estimate fatality by adjusting for it 
–  …But how do we find (x)? 

•  Optimize value for lag-time by minimizing variance of  crude 
mid-outbreak fatality estimates from t = 0 to present 

•  …Why minimize variance? 
–  No specific treatment 
–  Reported cases are receiving homogeneous care 
–  Fatality should thus be consistent over time 

•  After running the processor… (x) = 16 days  
•  Cases reported 16 days ago, reported as dead today 



Visualization: Lag-Time & Fatality 



Case Fatality: Additional Work 

•  Validating mid-outbreak fatality estimator (lag-
time optimization method) against past Ebola 
outbreak data from WHO prior to publishing 
[Good News: It’s performing well!] 

•  Theoretical paper on how the shape of  an 
outbreak’s growth curve impzacts the accuracy 
of  (crude) unadjusted mid-outbreak fatality 
estimations 



Thanks! Questions? 


