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2009 H1N1, Swine Flu

National Strategy For Pandemic 
Influenza Implementation Plan 
(2005, Bush)

CDC builds Emergency 
Operation Center

EO: 2013 Open Govt Initiative
EO making open and machine 
readable data the default

Project Open Data
Resources.data.gov is an online 
repository of policies, tools, case 
studies, and other resources to 
support data governance, 
management, exchange, and use 
throughout the federal 
government

The Trump administration has 
ordered hospitals to bypass the 
Centers for Disease Control and 
Prevention and send 
all Covid-19 patient information to a 
central database in Washington

Equitable Data Working Group to coordinate with 
agencies to expand their collection and use of 
demographic data and other equity data

EO: Advancing Equity and Racial Justice 
Through the Federal Government 

a comprehensive approach to 
addressing the threat of 
pandemic influenza. Our Strategy 
outlines how we are preparing 
for, and how we will detect and 
respond to, a potential 
pandemic.

EO: DEFENDING WOMEN FROM 
GENDER IDEOLOGY Extremism 
Got agencies take down data, websites, information 
to assess whether they comply with EO

EO: Federal Funding 
Freeze
Makes it more 
difficult to collect 
data 

(Brief) Timeline

Can disruptions to public health data cause issues with modeling (and so decision making)? 
Lets collect data and compare two model forecasts: one with tons of data and one with the minimum needed

https://www.nytimes.com/2020/09/09/us/politics/woodward-trump-book-virus.html
https://www.nytimes.com/2020/08/04/us/politics/coronavirus-trump-data-briefing.html


Data sources

D1. National Hospital Safety Network - extracted Flu Hospitalizations

1. get_target_data.R from cdcepi/FluSight-forecast-hub


D2. National Hospital Safety Network - Percent of facilities reporting

2. importance_of_data/download_percent_reported_hosps.py (totalconffluhosppatsperc)


D3. Outpatient Illness and Viral Surveillance dataset (ILINET) - Public health lab data

3.  importance_of_data/download_epidata.py which uses Epidata


D4.  Outpatient Illness and Viral Surveillance dataset (ILINET) - Clinical lab data 

4. importance_of_data/download_lab_percentage_data.R


D5. Morbidity and Mortality Weekly Report - Interim vaccine effectiveness

5. importance_of_data/data_sets/VE_mmwr.csv


D6. National Oceanic and Atmospheric Administration - Temperature and pressure

6. importance_of_data/download_weather_data.py


D7. Census- Number of individuals living in the United States

7. importance_of_data/data_sets/locations.csv

mcandrew@lehigh.edu

Define two models: a data-poor model (Yellow) and a data-rich model (Blue)
(https://github.com/computationalUncertaintyLab/importance_of_data)

https://github.com/computationalUncertaintyLab/importance_of_data


Data sources
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Can i incorporate the above data signals into a model to predict US national incident hospitalizations? 
Does having this additional information in the model improve forecasts of flu hospitalizations? 

Overarching goal: To demonstrate that these data sources are valuable and so 
should be insulated from executive action

mcandrew@lehigh.edu
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Experiment

D1
D2
D3
D4
D5
D6
D7

Model Training Forecast the entire 32 
week 2023/2024 Season

Evaluate with WIS and MAE

WIS

MAE

If the Blue model, trained on all data, produces better forecasts than we should observe smaller WIS 
scores and smaller MAE scores over the course of the season. 

mcandrew@lehigh.edu

Model structure is the same

Model will be compartmental. Model structure same between Yellow and Blue models. 
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Model with only NHSN data
Ground truth hospitalizations
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20k
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Results First, Details Later

Blue model appear to be a more informative forecast
Blue model could be used for planning. Yellow model it too vague. 
Yellow model suspects too mild a season. Blue model scale is closer to truth

mcandrew@lehigh.edu

Yellow model only has 
2021/22 and 2022/23 
seasons



Results, WIS and MAE
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We observe smaller WIS and smaller MAE scores for the Blue model when compared to Yellow. 
Blue and Yellow models have similar performance for forecasts at the very beginning and very 
end of the season. These two time points are the least important. 

Season is over 
(not important)

Season hasn’t ramped 
up (not important)

mcandrew@lehigh.edu

This lends support to demonstrating that MORE DATA MEANS BETTER MODELING. 
(Documenting the obvious)



Implications / Discussion 

mcandrew@lehigh.edu

1. Public health data as public good. 
I. Use of health data does not exclude or reduce availability to others. 
II. 2013 EO by Obama supports above by making data freely available in machine readable format. 
III. Congressional act to officially designate public health data as a public good.  

2. Public health data at sub-national levels. 
I. Academia, industry, state government collaborations. 
II. Major burden is coordination. 

3. Proxy data for forecasting.  
I. Prepare readily available alternatives that correlate with public health data.  
II. Human mobility, social media data, OTC medication data. 
III. Delphi is likely the most concerted effort on this front. 

Potential paths forward

Public health data serve as a common ground to discuss how to change policy to better serve our citizens
Main message about Public health data and why we should care at all: 

Ok, time for modeling details->



The model - Computing temperature and pressure for the US

mcandrew@lehigh.edu

Find Lat / Long for three largest cities in each state.


Collect temperature and pressure data from nearest airport or station 


Temperature for US at time t is average over all cities 
Limitations: Woefully misses stochasticity in the country 
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The model - Compartmental structure

mcandrew@lehigh.edu

Then if we assume a closed population with homogeneous mixing, we expect the proportion of individuals
in each disease state to evolve according to Figure 3 where �(t) is a time-dependent transmission rate that
describes the number of e↵ective contacts (contacts between a susceptible and infected individual that result
in influenza transmission); ⌧ is the reduction (a value between zero and one) that describes how vaccination
reduces the transmission rate; 1/� describes the duration of the latent period (the time between when a
susceptible makes e↵ective contact and they become infectious); 1/� describes the mean duration of the
infectious period; � defines the fraction of individuals who are hospitalized with influenza; and 1/⇢ describes
the average length of time for a hospital stay. [13]

In addition to the above ODE system, we append three ‘helper’ states that record the number of cumulative
incident: infections, reported ILI; and hospitalizations.

˙cI = 2�E2; ˙cILI+ = ↵�I; ˙cH = ��I

From the cumulative incident number ILI+ reports, and hospitalizations we can compute incident ILI+
reports and hospitalizations by taking first di↵erences.

If the number of weeks starts at t = 1 and ends at t = T then we define the initial conditions for all eight
states (because we include ILI and the split-compartments E1 and E2) at time t = 0. This is so that after
taking first di↵erences we arrive at T incident ILI reports and hospitalizations.

S St

E1 E2

IILI+ H

R

�SI ⌧�StI

2�E1

2�E2

↵�I

��I

(1�
�)�I

⇢

Ṡ = ��(t)SI

Ṡt = �⌧�(t)StI

Ė1 = �I(S + ⌧St) �2�E1

Ė2 = 2�E1 �2�E2

İ = 2�E2 ��I

Ḣ = ��I �⇢H

Ṙ = (1 � �)�I +⇢H

FIG. (3) (Left) A flow diagram that presents how individuals move through disease states in this
dynamical system (right). Disease states are represented as circles. Rates are placed on arrows to describe

the rate at which individual move from one state to another. The ILI state is placed in a dashed circle
because this state is only an observed state that is used to inform prevalent infections (I).

III. INITIAL CONDITIONS

We need to estimate the initial proportions of seven disease states (plus the three helper states) without
observing these proportions in our collected dataset. We do not need to estimate the initial percent ILI
because it does not factor in the model dynamics. In what follows, when we make reference to a disease
state value the reader should assume that this is the initial value that begins the system. In other words
the initial proportion of infected in this section is denoted I instead of I0. This is to ease notation.

To reduce the number of initial states to estimate, we assume that E1 = E1 = R = H = cH = cILI+ = 0.
We will assume that there exists a total proportion of susceptibles, Sttl = S + St, and that a proportion (v)
of these individuals are vaccinated or begin in the St compartment. This means that

St = vSttl; S = (1 � v)Sttl.

3

ċI = 2�E2; ˙cILI+ = ↵�I; ˙cH = ��I

<latexit sha1_base64="/2Q+VgXcuzMxHWjrOGagWqjaMg8="></latexit>

Helper states for incidence

Unvaccinated

Vaccinated 
reduces 
transmission

Linear Chain 
trickery

Dont expect removed individuals to return to S within one season
Assumptions

All individuals have the same protection, tau
Homogeneous mixing and a closed system

Two items to address: Init Conds and Fixing params



The model - Initial conditions

mcandrew@lehigh.edu

E1 = E1 = R = H = cH = cILI+ = 0

<latexit sha1_base64="86Qu4Y7tD2rqUDxrCCh1kKW5UfY=">AAACA3icbVDLSgMxFM34rPU16k43wSIIQpmRim4GiiK04KKKfUA7DJk004ZmMkOSEcpQcOOvuHGhiFt/wp1/Y9rOQlsPyeVwzr0k9/gxo1JZ1rexsLi0vLKaW8uvb2xubZs7uw0ZJQKTOo5YJFo+koRRTuqKKkZasSAo9Blp+oOrsd98IELSiN+rYUzcEPU4DShGSkueuX/tpfbImdY7p+Jgfao31RPH8syCVbQmgPPEzkgBZKh55lenG+EkJFxhhqRs21as3BQJRTEjo3wnkSRGeIB6pK0pRyGRbjrZYQSPtNKFQST05QpO1N8TKQqlHIa+7gyR6stZbyz+57UTFVy4KeVxogjH04eChEEVwXEgsEsFwYoNNUFYUP1XiPtIIKx0bHkdgj278jxpnBbtUvHstlQoX2Zx5MABOATHwAbnoAwqoAbqAINH8AxewZvxZLwY78bHtHXByGb2wB8Ynz+wjJWg</latexit>

Goal is to assign, as many as possible, of the states to zero
Q: Why? A: Non-identifiability

Sttl = S + St

<latexit sha1_base64="/9kb1HzLHpJLdpkz/94ds1S+N/k=">AAACA3icbVDLSsNAFJ34rPUVdaebwSIIQkmkohuh6MZlpfYBbQiT6aQdOnkwcyOWEHDjr7hxoYhbf8Kdf+O0zUJbD1w4nHMv997jxYIrsKxvY2FxaXlltbBWXN/Y3No2d3abKkokZQ0aiUi2PaKY4CFrAAfB2rFkJPAEa3nD67HfumdS8Si8g1HMnID0Q+5zSkBLrrlfd9MusAdIAUSW4UtcxydYi5C5ZskqWxPgeWLnpIRy1Fzzq9uLaBKwEKggSnVsKwYnJRI4FSwrdhPFYkKHpM86moYkYMpJJz9k+EgrPexHUlcIeKL+nkhJoNQo8HRnQGCgZr2x+J/XScC/cFIexgmwkE4X+YnAEOFxILjHJaMgRpoQKrm+FdMBkYSCjq2oQ7BnX54nzdOyXSmf3VZK1as8jgI6QIfoGNnoHFXRDaqhBqLoET2jV/RmPBkvxrvxMW1dMPKZPfQHxucPFAeXJw==</latexit>

St = vSttl; S = (1� v)Sttl.

<latexit sha1_base64="ExVq2+r2SoxFCCRqcEEl7OwQOSQ=">AAACHXicbZDLSgMxFIYz9VbrrerSTbAIdWGZkYpCEYpuXFZqL9AZSiZN29DMheRMsQzzIm58FTcuFHHhRnwb08vCth4IfPz/OZyc3w0FV2CaP0ZqZXVtfSO9mdna3tndy+4f1FUQScpqNBCBbLpEMcF9VgMOgjVDyYjnCtZwB7djvzFkUvHAf4BRyByP9Hze5ZSAltrZYrUdQ4Kv8VCDDewRYgCRJCVsl3BV63nrbHg67xXa2ZxZMCeFl8GaQQ7NqtLOftmdgEYe84EKolTLMkNwYiKBU8GSjB0pFhI6ID3W0ugTjyknnlyX4BOtdHA3kPr5gCfq34mYeEqNPFd3egT6atEbi/95rQi6V07M/TAC5tPpom4kMAR4HBXucMkoiJEGQiXXf8W0TyShoAPN6BCsxZOXoX5esIqFi/tirnwziyONjtAxyiMLXaIyukMVVEMUPaEX9IbejWfj1fgwPqetKWM2c4jmyvj+BeCDoS8=</latexit>

Assume a certain proportion, v, are vaccinated to determine 
Susceptible and Susceptible but treated 

Set six states equal to zero

logit (Sttl) ⇠ N
⇣
logit

⇣
dSttl

⌘
,�S

⌘
.

<latexit sha1_base64="IJNiLGjPXj9wU5t+oEqT2VN2HyQ="></latexit>

I = (1� Sttl)

<latexit sha1_base64="8xlWZMy24l05mBegbW7AuDry/q8=">AAAB/3icbVDJSgNBEO2JW4xbVPDipUkQImKYEUUvQtCL3iKaBTJD6Ol0kiY9C901Yhjn4D/4BV48KOLV3/CWv7GzHDTxQcHjvSqq6rmh4ApMc2Ck5uYXFpfSy5mV1bX1jezmVlUFkaSsQgMRyLpLFBPcZxXgIFg9lIx4rmA1t3c59Gv3TCoe+HfQD5njkY7P25wS0FIzu3ONz3HBOrxtxjawB4gBRJLsN7N5s2iOgGeJNSH5Us4+eB6U+uVm9ttuBTTymA9UEKUalhmCExMJnAqWZOxIsZDQHumwhqY+8Zhy4tH9Cd7TSgu3A6nLBzxSf0/ExFOq77m60yPQVdPeUPzPa0TQPnNi7ocRMJ+OF7UjgSHAwzBwi0tGQfQ1IVRyfSumXSIJBR1ZRodgTb88S6pHReu4eHKj07hAY6TRLsqhArLQKSqhK1RGFUTRI3pBb+jdeDJejQ/jc9yaMiYz2+gPjK8fgveYJg==</latexit>

(S, St, 0, 0, I, 0, 0, I, 0, 0)

<latexit sha1_base64="Eu25MOQYeyvtn+8nnkT9gOmebiM=">AAACCHicbVDLSgMxFM3UV62vUZcuDC1CxVJmRNFl0Y3uKrUPaIchk2ba0ExmSDLCMHTpxrV/4caFIm79BHf9G9PHwlYPXO7hnHtJ7vEiRqWyrJGRWVpeWV3Lruc2Nre2d8zdvYYMY4FJHYcsFC0PScIoJ3VFFSOtSBAUeIw0vcH12G8+ECFpyO9VEhEnQD1OfYqR0pJrHhZrJVhzUzUsQatkleDtXD92zYJVtiaAf4k9I4VKvnPyPKokVdf87nRDHAeEK8yQlG3bipSTIqEoZmSY68SSRAgPUI+0NeUoINJJJ4cM4ZFWutAPhS6u4ET9vZGiQMok8PRkgFRfLnpj8T+vHSv/0kkpj2JFOJ4+5McMqhCOU4FdKghWLNEEYUH1XyHuI4Gw0tnldAj24sl/SeO0bJ+Vz+90Gldgiiw4AHlQBDa4ABVwA6qgDjB4BC/gDbwbT8ar8WF8TkczxmxnH8zB+PoByhyXtA==</latexit>

Final initial conditions 

This is an informative 
estimate (more on this soon)

We focus on initial 
conditions for S and I



The model - Fixing parameters based on Literature (reducing param space)
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Goal is to assign, as many as possible, of the parameters to fixed values
Q: Why? A: Non-identifiability (again)

Parameter Fixed value Literary sources
1/� 3/7 week [?, ?]
1/� 2/7 of a week [?]
1/⇢ 5/7 of a week [?, ?]

<latexit sha1_base64="YJBSM8XAYhOjZ4h2iXAueu3pUHM="></latexit>

Values are taken from lab studies on the infectious and latent periods, 
and on the typical hospital stay due to influenza. 

Be careful to make sure that your parameter values are on the same 
scale as your model (in this case a week)



The model - Priors
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�� ⇠ Half-Cauchy(10); log (�0) ⇠ N (�0,mle,��)

��s ⇠ Half-Cauchy(1); log (�0,s) ⇠ N (log (�0) ,��s)

�� ⇠ Half-Cauchy(10); logit (�) ⇠ N (�mle,��)

�↵ ⇠ Half-Cauchy(10); log (↵) ⇠ N (↵mle,�↵)

logit(Sttl) ⇠ N (Sttl,mle, 10)

S0 = (1� ⌫)Sttl; St = ⌫Sttl

I0 = (1� Sttl)

<latexit sha1_base64="5riHFPT8+aiFVtitLtrOZsM7sS8="></latexit>

log(�s,t) = log(�0,s) + b1temps,t + b2press,t

<latexit sha1_base64="gVZ1vNheUl230GP0+g3ANjOKKWo="></latexit>

⌧s = VEMMWR,s

<latexit sha1_base64="hwty8Na3EtxzemclE4Cg/fC/AVw=">AAACDnicbZC7SgNBFIZnvcZ4W7W0GQwBCwm7EtFGCIpgE4hiLpBdltnJJBkye2HmrBiWfQIbX8XGQhFbazvfxsml0MQfBj7+cw5nzu/HgiuwrG9jYXFpeWU1t5Zf39jc2jZ3dhsqSiRldRqJSLZ8opjgIasDB8FasWQk8AVr+oPLUb15z6TiUXgHw5i5AemFvMspAW15ZtEBknipyvA5doA9QNq4yrx0gtVq8zY7wirzzIJVssbC82BPoYCmqnnml9OJaBKwEKggSrVtKwY3JRI4FSzLO4liMaED0mNtjSEJmHLT8TkZLmqng7uR1C8EPHZ/T6QkUGoY+LozINBXs7WR+V+tnUD3zE15GCfAQjpZ1E0EhgiPssEdLhkFMdRAqOT6r5j2iSQUdIJ5HYI9e/I8NI5Ldrl0clMuVC6mceTQPjpAh8hGp6iCrlEN1RFFj+gZvaI348l4Md6Nj0nrgjGd2UN/ZHz+ADkgnDg=</latexit>

Data

Transmission rate 
intercept are linked

Model fit is stochastic variational inference via Numpyro 
Normal “Guide”, 20k iterations, make use of Jax to speed up computation. 



The model - Setting some informative priors via fit
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Fit a simpler, pooled model across all seasons
Estimate the following parameters: 

1. Total proportion of susceptible

2. Proportion of ILI cases reported 

3. Proportion of hospitalizations reported

4. Transmission rate (just the intercept)

Minimize the negative log likelihood for ILI cases and hospitalizations using 
a Genetic algorithm (Pop size = 10k)  
1.Pymoo is great for this

2.GA is less likely to get stuck in a local optima 



The model - Basic and Effective Repo Number 
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Then if we assume a closed population with homogeneous mixing, we expect the proportion of individuals
in each disease state to evolve according to Figure 3 where �(t) is a time-dependent transmission rate that
describes the number of e↵ective contacts (contacts between a susceptible and infected individual that result
in influenza transmission); ⌧ is the reduction (a value between zero and one) that describes how vaccination
reduces the transmission rate; 1/� describes the duration of the latent period (the time between when a
susceptible makes e↵ective contact and they become infectious); 1/� describes the mean duration of the
infectious period; � defines the fraction of individuals who are hospitalized with influenza; and 1/⇢ describes
the average length of time for a hospital stay. [13]

In addition to the above ODE system, we append three ‘helper’ states that record the number of cumulative
incident: infections, reported ILI; and hospitalizations.

˙cI = 2�E2; ˙cILI+ = ↵�I; ˙cH = ��I

From the cumulative incident number ILI+ reports, and hospitalizations we can compute incident ILI+
reports and hospitalizations by taking first di↵erences.

If the number of weeks starts at t = 1 and ends at t = T then we define the initial conditions for all eight
states (because we include ILI and the split-compartments E1 and E2) at time t = 0. This is so that after
taking first di↵erences we arrive at T incident ILI reports and hospitalizations.

S St

E1 E2

IILI+ H
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�SI ⌧�StI

2�E1

2�E2

↵�I

��I

(1�
�)�I

⇢

Ṡ = ��(t)SI

Ṡt = �⌧�(t)StI

Ė1 = �I(S + ⌧St) �2�E1

Ė2 = 2�E1 �2�E2

İ = 2�E2 ��I

Ḣ = ��I �⇢H

Ṙ = (1 � �)�I +⇢H

FIG. (3) (Left) A flow diagram that presents how individuals move through disease states in this
dynamical system (right). Disease states are represented as circles. Rates are placed on arrows to describe

the rate at which individual move from one state to another. The ILI state is placed in a dashed circle
because this state is only an observed state that is used to inform prevalent infections (I).

III. INITIAL CONDITIONS

We need to estimate the initial proportions of seven disease states (plus the three helper states) without
observing these proportions in our collected dataset. We do not need to estimate the initial percent ILI
because it does not factor in the model dynamics. In what follows, when we make reference to a disease
state value the reader should assume that this is the initial value that begins the system. In other words
the initial proportion of infected in this section is denoted I instead of I0. This is to ease notation.

To reduce the number of initial states to estimate, we assume that E1 = E1 = R = H = cH = cILI+ = 0.
We will assume that there exists a total proportion of susceptibles, Sttl = S + St, and that a proportion (v)
of these individuals are vaccinated or begin in the St compartment. This means that

St = vSttl; S = (1 � v)Sttl.

3

Reff = S(0)�(t)(1 + ⌧)
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This is likely bc of setting epi 
parameters from lit (i.e. from 
constraints)

If you don’t see estimates like 
the disease your studying, the 
model may be right and the 
parameters wrong. 


