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Models are powerful tools for prediction and policy.

JAMA NO 2020, 2022; Annals of IM 2021, 2022; JAMA Peds 2022; PNAS 2023

Direct policy engagement!
(local, state, federal, 

international)



My takeaways

Model with policymakers. Why stop after COVID-19?1

2 Simple models are both incredibly powerful and often 
undervalued.



Modern models are often complex.



Modern models are often complex.

With stunning 
results…



But complexity comes with costs for modelers…

Production time. Even with high-performance computing, complex 
models take time to develop and run.

1

Data collection. Granular models require granular data.2

Interpretability. What exactly is my model doing?
    à catching typos and thinkos
    à making policy recommendations

3



…and these costs matter for policymakers.

Slower availability of 
modeling evidence. 

1

Data collection.2

Production time. 

Interpretability.3 Trust
Transportability (not forecasts)
à context-specific expertise
Value judgments
à asymmetric error costs
Understanding divergent 
models

Complex models can close conversations.



I realized that skilled colleagues – both researchers and policymakers – 
drew heavily on the ability to rapidly generate, manipulate, and 
explain simple models – with actionable results.

But in contrast to the many classes available to learn about complex 
simulations and machine learning, I had never seen this formally taught.

In fact, we didn’t even have vocabulary for it.

At the same time…



Enter napkin math.



What is napkin math?

Though the math is simple (mainly multiplication and division, no 
cluster computing here), the process may not be.

Napkin math is an approach to analytic thinking that starts with the 
simplest model, adding complexity as needed to inform decision-
making.



Why use napkin math?

For many policy questions, we may not need a complex model.  
Napkin math can get us the answer with sufficient precision to make a 
decision.

Even when complex models are needed, napkin math can help us to 
develop, check, interpret, and compare models and understand 
common prediction errors.

1

2

Course
• >300 participants
• Techniques
• Examples 
• Practice

Research and Practice



Collaborators

Josh Salomon (Stanford) Jeff Imai-Eaton (Harvard) 

David Paltiel (Yale) Meagan Fitzpatrick (UMD) 



Today

I will highlight how napkin math is a powerful tool for:
 
1

Building complex models (“What did I do?”)2

Answering policy questions (“Aiming off”)

Using complex models (“What do we do?”),3



Aiming off

Even if the world is complicated, 
your decision may not be.

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Aiming off

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Should you 
follow your 

best compass 
bearing? 

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



In a heavily wooded area, chances of hitting your target directly are low.

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Consider…

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



A fundamental strategy for 
wilderness navigation

A particularly useful technique 
in bad weather or when your 
view of the destination is 
blocked by tree cover or the 
contour of the land.

Aiming off

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Also, a useful strategy for 
decision making under 
uncertainty: bias your inputs.

Illustrates a theme for today: 
Managing the decision/ 
precision tradeoff.

Decision

Precision

Aiming off

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



What would it cost and what would we get by 
mailing rapid, antigen-based tests for SARS-

CoV-2 to every household in the US?

Paltiel, et al. Ann Intern Med 2021. DOI: 10.7326/M21-0510

Paul
Sax

Amy
Zheng

Application

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening

https://doi.org/10.7326/m21-0510


Early 2021

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



…but skeptics worried:

• poor uptake
• imperfect adherence
• frequent false-negatives
• frequent false-positives

The evidence was already there… 

Du, et al. Lancet Public Health 2021. 
DOI: 10.1016/S2468-2667(21)00002-5

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening

https://doi.org/10.1016/s2468-2667(21)00002-5


Stacking the deck against mass testing:
• as many as 75% of tests go straight into the 

garbage can;
• as many as 75% of positive test findings are 

simply ignored;
• each day, up to 33% of those in isolation 

abandon and  return to the community;
• test specificity 95% (best guess: 98.5%);
• test sensitivity 80% (best guess: ~100%);
• test cost $5 (best guess: $0.20)
• value of a statistical life $5.3M (range $5.3-

$15.6M)

“Even if” analysis

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Paltiel, et al. Ann Intern Med 2021. DOI: 10.7326/M21-0510

No
Testing

Testing
(Base Case)

Testing
(Worst Case)

Total infections 11,600,000 8,810,000 11,000,000
Total Deaths 119,000 103,000 116,000
Total Costs 
($ billions) 10.1 32.4 24.1

Infections averted 2,830,000 634,000
Deaths averted 15,700 3,390

Cost per death 
averted 1,430,000 4,140,000

Results

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening

à Engage a debate

https://doi.org/10.7326/m21-0510


Re-testing to confirm HIV diagnosis before 
ART initiation

Eaton, Johnson, Gregson Clin Infect Dis 2017; 65:522-5

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



• Longstanding WHO recommendation to re-test 
people with HIV prior to lifelong ART initiation to 
confirm HIV positive status
• Increased importance under ‘test-and-start’

• Substantial evidence that HIV misdiagnosis occurs 
in several global settings
• Malawi 2015: 4.6% of people referred for ART 

were subsequently found to be HIV-negative 
when retested

• Recommendation very poorly implemented
• Out of 48 national HTS policies, only 2 countries 

mentioned re-testing (circa 2016)

Re-testing to confirm HIV diagnosis before 
ART initiation

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Reasons cited for not 
implementing confirmation 
testing recommendation

• HIV testing algorithms ‘highly 
accurate’ (>99.5% specificity)

• Perceived high cost of re-testing 
everyone before ART

• Health worker burden and capacity 
constraints

• Uncertainty how / where to 
implement

Reasons why HIV 
misdiagnosis is bad

• Individual and family consequences
• Legal exposure to the provider
• Undermines confidence in health 

system
• Lifelong ART for someone HIV-

negative is expensive

Re-testing to confirm HIV diagnosis before 
ART initiation

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Cost of re-testing 
before ART (~2x ???) 

Reasons why HIV 
misdiagnosis is bad

• Individual and family consequences
• Legal exposure to the provider
• Undermines confidence in health 

system
• Lifelong ART for someone HIV-

negative is expensive

Challenge: very hard to quantify 
the ‘cost’ of these (potentially 
infinite?)

This we can quantify!

Re-testing to confirm HIV diagnosis before 
ART initiation

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Cost of re-testing 
before ART

Cost of lifelong ART 
for an HIV-negative 

person

Is the benefit of avoiding the lifelong ART cost for 
misdiagnosed HIV-negative alone sufficient to offset the cost 
of re-testing?

• Establish a lower-bound on the other unquantifiable costs

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Re-testing to confirm HIV diagnosis before 
ART initiation

Eaton, Johnson, Gregson Clin Infect Dis 2017; 65:522-5

This problem turned out to be really 
‘boring’… (The best kind of modeling 
problem)

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Re-testing to confirm HIV diagnosis before 
ART initiation

Eaton, Johnson, Gregson Clin Infect Dis 2017; 65:522-5

Key realization from 5 minutes sketching out a 
model: 
• Number testing HIV-negative is the main 

driver of HIV testing program costs

• Confirmation re-testing involves only 
people who tested HIV positive
• Small and reducing fraction; not 

anywhere near 2x testing cost

• Cost and personnel time for HIV testing is 
low compared to providing ART
• Didn’t need to consider the things that 

were really hard to quantify

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening

à To avoid quantifying 
nebulous parameters



Pregnant enrollment in randomized clinical trials

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening

Pregnant people are excluded from drug development RCTs by default, 
with the objective of protecting them and their children.

But…what happens then?

1) Reduction in beneficial use: Some people are hesitant to take 
medications that would benefit them because of a lack of evidence 
(1/3 reduction).

2) Pregnant individuals can still opt to take most medications: Still 
exposed to side effects (24% still take)



Pregnant enrollment in randomized clinical trials

7% of all maternal 
deaths in 2021
(20% of maternal 
COVID-19 deaths)

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening

Unless a drug is harmful AND pre-clinical evidence is sufficient to 
curtail its use, the current system is the worst of all worlds.
Limits benefits while still incurring harms

à Projecting across 
diverse potential future 
scenarios



Cancer screening

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Cancer screening

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Pull out your napkin…

Many estimates suggest that breast cancer screening is cost effective with 500-
2000 screened per death averted (say, 10 years of life gained).

What does this translate to in population life expectancy gains among people 
eligible for screening?

1/500 x 10 x 365 = 7.3 days
1/2000 x 10 x 365 = 1.8 days

Heck, 1/100 x 10 x 365 = 37 days

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



Pull out your napkin…

Many estimates suggest that breast cancer screening is cost effective with 500-
2000 screened per death averted (say, 10 years of life gained).

What does this translate to in population life expectancy gains among people 
eligible for screening?

1/500 x 10 x 365 = 7.3 days
1/2000 x 10 x 365 = 1.8 days

Heck, 1/100 x 10 x 365 = 37 days

What does this mean for screening?

Population-level estimates are underpowered to detect screening effects, with 
clinically meaningfully impacts.

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening

à Are we using 
the right outcome?



When it works, you’re have an 
actionable insight. You have 
a bound.
…even when inputs are 
contested, hard to measure, or 
uncertain.

The Bad: You can aim off into 
an unhelpful answer.

Aiming off

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screening



What did I do?

Using simple models to 
develop complex ones

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Is your complex model working?

This is a deceptively challenging task…and critical 
for trust.

Start with coherence checks.
• “Does this make sense?”

Then, apply formal testing.
• Systematic code evaluation

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Let’s picture some 
intervention 
comparisons in the 
typical cost-
effectiveness plane

How do costs and 
health benefits change 
as we ’expand’ an 
intervention?

Benchmarking against linearity

Change in health (e.g. QALYs)

Change in costs

?

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Time to play … “Is this thing linear?”

Change in health (e.g. QALYs)

Change in costs

Expected shape of 
expansion path for:

A. Cervical cancer 
screening, with frequency 
going from q10y to q1y

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Time to play … “Is this thing linear?”

Change in health (e.g. QALYs)

Change in costs

Expected shape of 
expansion path for:

A. Cervical cancer 
screening, with frequency 
going from q10y to q1y

B. Hypertension treatment, 
with adherence going 
from 20% to 80%

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Time to play … “Is this thing linear?”

Change in health (e.g. QALYs)

Change in costs

Expected shape of 
expansion path for:

A. Cervical cancer 
screening, with frequency 
going from q10y to q1y

B. Hypertension treatment, 
with adherence going 
from 20% to 80%

C. Covid-19 vaccination with 
coverage going from 
20% to 80%

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Benchmarking against linearity – let’s zoom out

§ When are expansion paths in the cost-effectiveness plane 
nonlinear?
› Costs and effects are disproportionately affected by 

changes in scale

§ What can make costs nonlinear?
› Fixed costs spread out over units of production
› Variable costs that are not constant in scale

§ What can make health effects nonlinear? 
› Redundancy of effort
› Transmission dynamics

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Mini models… PrEP edition

§ CDC is interested in 
reconsidering the way it 
estimates the population-
level need for HIV pre-
exposure prophylaxis 
(PrEP).

§ One relevant question is 
how the cost-effectiveness 
of PrEP relates to 
underlying HIV risk.

§ We can estimate this 
relationship with a very 
simple model.

§ … but does this look 
right? Direction? Shape? Magnitude?

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Mini models… PrEP edition

Some assumptions…

PrEP cost per person:
$10,331

Lifetime cost of HIV: 
$305,000

QALYs lost per HIV infection: 
2.4

(Think of x-axis as expected infections averted per person 
taking PrEP for one year)

Start with a point on 
the curve and do a 
little napkin math

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Mini models… PrEP edition

Some napkin math…

What is the number needed to 
treat to prevent one infection at 2% 
risk reduction? 50

→ What is the PrEP cost to prevent 
an infection? $10K*50

→ What is the cost net of savings 
from averting an infection?
$10K*50-305K

→ So, roughly … what is the 
incremental cost per QALY at 2% 
risk reduction?

!ℎ#$%&	($	!)*+*
!ℎ#$%&	($	,-./* 	 →

123 ∗ 52 − 7253
8. : ~<23

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Mini models… PrEP edition

wrong

corrected

Some napkin math…

What is the number needed to 
treat to prevent one infection at 2% 
risk reduction?

→ What is the PrEP cost to prevent 
an infection?

→ What is the cost net of savings 
from averting an infection?

→ So, roughly … what is the 
incremental cost per QALY at 2% 
risk reduction?

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



General tips for interrogating interim results

§ Look at lots of XY plots
› You already do this in various ways (the CE plane is one, 

sensitivity analyses are another)
› …Now do more!

§ Why collapse into 2D?
› Visualizing in >2 dimensions is hard.
› We try it anyway, but…

§ Work backward from your summary results
› Look at intermediate health outcomes
› Disaggregate costs by major categories

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Testing complex models

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Testing complex models

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Testing complex models

???

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Testing complex models

Formal testing
Design tests to evaluate that all use 
cases perform correctly...

…which sounds great until you realize 
that tests require us to anticipate 
model output.

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Testing complex models

1) Collate input parameters 
 - Table 1 + structural parameters

2)   Define and track intermediate outputs
 - Add intermediate “napkin” outputs for each input that can reverse 
 engineer input behavior

3)   Run and report test results over different input combinations

 

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Testing complex models

Overdispersion parameter

- Wildtype COVID-19 was “overdispersed” à heterogeneous individual 
infectiousness.

- Implemented as a multiplier on individual attack rate

To track attack rates:
1) Track number of contacts per day in each setting
2) Track number of new infections per day in each setting

 
Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Overdispersion parameter

- Wildtype COVID-19 was “overdispersed” à heterogeneous individual 
infectiousness.

- Implemented as a multiplier on individual attack rate

To track attack rates:
1) Track number of contacts per day in each setting
2) Track number of new infections per day in each setting

We observed a slight underestimate in attack rate:
1) only in households 
2) only with overdispersion turned on

In rare (<1/2000) cases, overdispersion could push the attack rate > 1 
à NA.

 

Testing complex models

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



Testing complex models

Even if you can’t ”see” bugs as easily, napkin thinking can still be useful for 
informing complex models.

“Napkins” can make model testing more transparent.

1

2

Coherence checks (Benchmarking against linearity, Mini models) · Formal testing



What do I do?

Using simple models to 
act on complex ones

Comparing models · Benchmarking on baseline · Decision evaluation



Contact tracing models

Definition · Antigen tests · HIV Re-testing · RCTs in Pregnancy · Cancer screeningComparing models · Benchmarking on baseline · Decision evaluation



Models may not reach the same qualitative conclusions.

Comparing models · Benchmarking on baseline · Decision evaluation



And models might look quite different…

Comparing models · Benchmarking on baseline · Decision evaluation



And models might look quite different…

1) Structure
- Compartmental vs. agent based

2) Deterministic vs. stochastic
3) Data/calibration

- On which populations (and subpopulations) were the 
model trained?

4) Parameter choices
- What levels of testing/tracing/isolation can be realistically 
achieved?

Comparing models · Benchmarking on baseline · Decision evaluation



It’s easy to fall back on simple heuristics.

1) The most complex model is the ‘best model.’
2) The model calibrated on data most similar to my 

population is the ‘best model.’

Can we do better?

Comparing models · Benchmarking on baseline · Decision evaluation



Step 1: Write a (napkin) model.

For epidemic infectious diseases, we often focus on the effective 
reproduction number Rt.  This represents the average number 
of new infections generated per infectious individual.

• If Rt >1, incident cases grow exponentially.
• If Rt <1, incident cases decline exponentially.
• If Rt =1, incident cases stay constant.

Comparing models · Benchmarking on baseline · Decision evaluation



Step 1: Write a (napkin) model.

Rt = avg contacts x prob of transmission per contact
• If you increase contacts by 2, Rt doubles.
• If you increase probability of transmission by 2, Rt doubles.

(Sidebar: infectious diseases are one of the more complicated 
cases.  Often, you have even simpler linear processes.)

Comparing models · Benchmarking on baseline · Decision evaluation



Step 1: Write a (napkin) model.

Key question: Does test/tracing/isolation push Rt <1?

Our simple model:

• initial R0/Rt without contact tracing
• fraction of cases detected
• fraction of contacts traced
• percentage of traced contacts who isolate

Multiply!

 

Comparing models · Benchmarking on baseline · Decision evaluation



Step 2: Fill in parameters.

Bilinski et. al. Kucharski et. al.
Rt without tracing

Percentage detected

Percentage traced 

Percentage of traced 
contacts who isolate

Additional social 
distancing

Rt with tracing

Comparing models · Benchmarking on baseline · Decision evaluation



Step 2: Fill in parameters.

Bilinski et. al. Kucharski et. al.
Rt without tracing 2.5

Percentage detected <50%

Percentage traced 50%

Percentage of traced 
contacts who isolate

1 (varied)

Additional social 
distancing

(varied)

Rt with tracing 1.9

2.5*(.5 (detected)*.5 (traced)+.5 (undetected)) ~ 1.9

Comparing models · Benchmarking on baseline · Decision evaluation



Step 2: Fill in parameters.

Bilinski et. al. Kucharski et. al.
Rt without tracing 2.5 2.6

Percentage detected <50% 90% of symptomatic (75%) 
à 63%

Percentage traced 50% 100% HH (n = 2)
90% school, 79% work (n = 
11) 
52% other (n = 17)

HH attack rate: 20%
Other attack rate: 6%

Percentage of traced 
contacts who isolate

1 (varied) 90% (but detected 20% into 
disease course)

Additional social 
distancing

(varied) Symptomatic self-isolation – 
reduces transmission by ½

Rt with tracing 1.9 1.1

Comparing models · Benchmarking on baseline · Decision evaluation



Step 3: Let’s compare.

Comparing models · Benchmarking on baseline · Decision evaluation



Step 3: Let’s compare.
Can we get to 1.7?

Rt = 2.6
• Asymptomatic: 30% of cases 

(1/2 transmission risk)

Rt ~ 1.6 among asymp
Rt ~ 3.1 among symp 

Comparing models · Benchmarking on baseline · Decision evaluation



Step 3: Let’s compare.
Can we get to 1.7?

Rt = 2.6
• Asymptomatic: 30% of cases 

(1/2 transmission risk)

Rt ~ 1.6 among asymp
Rt ~ 3.1 among symp 

• Symptomatic:
• 90% isolate
• Pre-isolation: ~1/2 of 

transmission

Comparing models · Benchmarking on baseline · Decision evaluation



Step 3: Let’s compare.
Can we get to 1.7?

Rt = 2.6
• Asymptomatic: 30% of cases 

(1/2 transmission risk)

Rt ~ 1.6 among asymp
Rt ~ 3.1 among symp 

• Symptomatic:
• 90% isolate
• Pre-isolation: ~1/2 of 

transmission
Asymp: 0.3*1.6 + 
Undetected symp: 0.7*0.1*3.1 + 
Detected symp: 0.7*0.9*3.1*0.5 = 1.7

Comparing models · Benchmarking on baseline · Decision evaluation



Step 3: Let’s compare.

Can we get to 0.94?

Asymp: 0.3*1.6 + 
Undetected symp: 0.7*0.1*3.1 + 
Detected symp: 0.7*0.9*3.1X

But what is X?

We still cut transmission in half 
from isolation à 0.5

Contact tracing cuts transmission by a 
factor of 0.72 among contacts. 
à X = 0.5*0.28

This gets us 0.97! 

Comparing models · Benchmarking on baseline · Decision evaluation



Step 3: Let’s compare.

Can we get to 1.1?

Asymp: 0.3*1.6 + 
Undetected symp: 0.7*0.1*3.1 + 
Detected symp: 0.7*0.9*3.1X

Contact tracing cut transmission by ~90% 
among pre-isolation contacts. à .5*.25

What fraction are traced?
1-(.1*11*.06+.5*17*.06)/(2*.2 + 
11*.06+17*.06) ~.72
à X = .5*(.72*.28 + .28)

This gets us 1.17! 

Comparing models · Benchmarking on baseline · Decision evaluation

We felt comfortable telling policymakers to focus on community testing 
and tracing rates to predict contact tracing effectiveness.



So, now let’s try it with bunch of complicated 
models averaged together.

Comparing models · Benchmarking on baseline · Decision evaluation



COVID ForecastHub ensemble

What is the simplest thing ensemble models could be doing?

Ensemble models average together forecasts of cases, 
hospitalizations, and deaths submitted by teams.

Comparing models · Benchmarking on baseline · Decision evaluation



How do simple and complex models compare?

Comparing models · Benchmarking on baseline · Decision evaluation



How do simple and complex models compare?

Comparing models · Benchmarking on baseline · Decision evaluation



How do simple and complex models compare?

Comparing models · Benchmarking on baseline · Decision evaluation



How do simple and complex models compare?

Comparing models · Benchmarking on baseline · Decision evaluation



Helps us understand how models are likely to struggle

Comparing models · Benchmarking on baseline · Decision evaluation



There is a strong temptation to evaluate decisions based 
on outcomes.

Comparing models · Benchmarking on baseline · Decision evaluation



There is a strong temptation to evaluate decisions based 
on outcomes.

Comparing models · Benchmarking on baseline · Decision evaluation



Napkin math for decision evaluation

What did (or could) you have known when making the decision?

What was (or should have been) your objective function?

What was the expected value of your decision?

1

2

3

Comparing models · Benchmarking on baseline · Decision evaluation



1976 swine flu (H1N1)

• In 1976, there was a swine flu (H1N1) outbreak on a military 
base that killed 1 and hospitalized 13.

• President Ford announced a plan to vaccinate every in the 
country.

• 43 million individuals were vaccinated in 10 weeks.
• Some (perhaps a few hundred) experienced Guillain-Barre 

Syndrome (1/100K increased risk).

And no pandemic materialized…

Comparing models · Benchmarking on baseline · Decision evaluation



1976 swine flu (H1N1)

Comparing models · Benchmarking on baseline · Decision evaluation



Stepping back…

=>?&!+&@	A#BC& = E E#$@&F(! ∗ G#BC&	)H	A#!!($#+()$	($	?#$@&F(! +
E J)	?#$@&F(! ∗ G#BC&	)H	A#!!($#+()$	K(+ℎ)C+	?#$@&F(!

We shouldn’t think of this as a failure!!

=>?&!+&@	A#BC&
= 1% ∗ 300P	B(A&*	*#A&@ 1

2 	RSGT,	@&#+ℎ*	*!#B&@	+)	1976	?)?CB#+()$ +
99% ∗ G#BC&	)H	A#!!($#+()$	K(+ℎ)C+	?#$@&F(!

=>?&!+&@	A#BC& = 3X$	(#**CF($%	$10F	G[.) +
99% ∗ G#BC&	)H	A#!!($#+()$	K(+ℎ)C+	?#$@&F(!

=>?&!+&@	A#BC& = 3X$ #**CF($%	$10F	G[. −
99% ∗ 38^	(_C(BB#$ − `#aa&	*b$@a)F&)

Comparing models · Benchmarking on baseline · Decision evaluation



Expect to be wrong sometimes…and pick your direction.

Comparing models · Benchmarking on baseline · Decision evaluation



When unpacking any decision…

More likely in high-uncertainty contexts!!

Comparing models · Benchmarking on baseline · Decision evaluation



Conclusions



Modelers

  

Takeaways

Especially for policy decisions, start with the simplest model.

Even if you don’t stay there, benchmark your complex model against 
a baseline – both for evaluating performance and for interpretability.

Teaching napkin math – and building model intuition – is just as 
important as teaching high-performance computing.

1

2

3



Policymakers

  

Takeaways

Ask questions about methods and mechanisms, rather than just 
results.

Understand key sensitivities.

1

2

For Both

  Good policy modeling starts a conversation rather than ending it.1



How often do you see statements like …

  “We need more research”

“There is insufficient evidence to draw 
definitive conclusions”

And one more…



A favorite means of escaping the solution 
to any problem is to declare it too 
complex for solution. This absolves us 
from attempting solution…

  –Pearl S. Buck

Complexity is neither a license to do nothing…



…nor is it an excuse to over-specify…nor an excuse to over-specify



We can calibrate investigations and our synthesis of the evidence – without 
sacrificing scientific rigor – to the needs they are intended to serve. 

Complex models help us learn about the world, but
sometimes a little napkin math can help us with this task.

Indeed, sometimes a napkin is all that is needed.



Questions?



How did models do?

Strengths Weaknesses

• Wrong in important ways!• Shed light on “what if” scenarios in 
time-sensitive contexts when 

“doing nothing” was a risky choice
• Qualitative insights



Preliminary sketches do not always pan out

Coherence checks (Benchmarking against linearity, Mini models, Understanding surprising results) · Formal testing



Routine testing for HIV

§ A model-based assessment 
of the cost-effectiveness of 
expanded HIV testing in 
the US.

§ Key question: How does 
the cost-effectiveness 
estimate vary as a function 
of the prevalence of 
undetected HIV in the 
population?

Coherence checks (Benchmarking against linearity, Mini models, Understanding surprising results) · Formal testing



Before getting started

Hypotheses:

• As prevalence → 0
 ICER → ∞.

• As prevalence → 100%
 ICER → 0.

• In the “policy zone” ~linear 
returns, with cut-off prevalence in 
the range 1% to 4% depending 
on WTP threshold.

Coherence checks (Benchmarking against linearity, Mini models, Understanding surprising results) · Formal testing



Study investigators were surprised by the results

Coherence checks (Benchmarking against linearity, Mini models, Understanding surprising results) · Formal testing



… though they were consistent with other studies

Coherence checks (Benchmarking against linearity, Mini models, Understanding surprising results) · Formal testing



Study investigators were surprised by the results

ICER of ART

Coherence checks (Benchmarking against linearity, Mini models, Understanding surprising results) · Formal testing


