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About Us

Anderson Economic Group is a boutique consulting firm with special 
expertise in business economics and public policy. Founded in 1996, it 
has offices in Chicago and East Lansing Michigan, and does business 
across the United States. 

Patrick  L. Anderson Sarp Mertdoğan
Principal & CEO Analyst
www.andersoneconomicgroup.com

http://www.andersoneconomicgroup.com/
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I. Introduction: The Current Crisis
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I. Introduction

The Current Crisis

1. Since the very beginning of this crisis, projections from ill-described and 
ambiguously-presented models have widely publicized.

• There was no way for the public—and often policymakers—to assess the 
reliability of these models.

• The graphical presentations were often scary—which seemed to be the point.

2. Secondary waves of the epidemic are now presenting themselves.

• However, classical “SIR” and most contemporary  models do not take 
them into account. 

• Skepticism about “models” has now become rampant.
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I. Introduction

The Current Crisis--continued

3. Anderson Economic Group has now done analyses of the epidemic with over 
1000 unique state-time span data sets.

• These analyses use a defined methodology; explicit data sources;  and 
are presented with units, prediction errors and goodness-of-fit statistics.

• These analyses involve at least two generations of models.

4. We present key lessons from this work in this presentation.

• Some of these lessons can be put to work immediately as we face a 
continuation in the epidemic in the US and other countries. 
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II. Lesson No. 1: 
The Dominance of Empirical Over Simulation Models
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II. Lesson No. 1: The Dominance of Empirical Over Simulation Models

Computer simulation models of this epidemic often 
failed miserably.

1. These involve conjectural models of human behavior and epidemiology, 
reduced to equations, and simulated using various computer-assisted 
methods to produce forecasts.

2. The early months of 2020 featured a deluge of graphics from ill-defined 
(or undefined) computer models of human behavior, often associated 
with the admonition “flatten the curve.”

• Many were presented without explanation; lacked even units; relied 
upon implausible assumptions; and were presented without sources.

• Some visualizations presented predictions that were double, triple, 
quadruple, or more than the actual data.

3. This syndrome undermined public confidence and hampered the public 
health response. 
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Computer Simulation Models—Some Examples

IHME model at White House briefing, 
March 31, 2020 

CATO Institute, article on the Imperial College 
model, April 21, 2020

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models
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Computer Simulation Models—More examples—note lack of units; lack of  
time periods; and projections that are a multiple of actual data.

CBS News, Jim Axelrod, 
March 2, 2020

Illustration on Michigan Medicine site, 
attributed to “data from what happened in 
some American cities in 1918-1919”; April 
22, 2020.

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models
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New York Times, May 
12, 2020

This comparison is 
limited to only certain 
models, where 
researchers provided 
sufficient data.

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models
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Empirical models of the epidemic worked well—often 
very well—in states with substantial data.

1. Empirical models use actual data to estimate parameters for a set of 
equations, and then forecast using the historical data and fitted model. 

• All such models involve in-sample prediction errors, which can be 
evaluated to give a sense of reliability and accuracy. 

2. In our assessment, the current best empirical models are the 
computational SIR models.

• These often had 90% goodness-of-fit within sample—much better 
than the most-publicized simulation models. 

• For some U.S states and foreign countries, computational SIR models 
displayed 95% or better R-squared statistics in May.

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models
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Three Categories of Empirical Models

1. SIR “compartmentalized” models

a. Based on theory dating from 1927, involving three “compartments” of the 
population.

b. Variants include SEIR and MSEIR models; multiple methods of specifying 
parameters; multiple methods of estimating, solving, and forecasting.

2. Computational SIR

Involves three steps: Specification of a compartmentalized model; Initial estimation 
using daily case data; Optimization of model parameters

3. Others: Growth-Function Models; Machine Learning; Mixed Models

a. Econometric fits to known functions; Standard logistic; Richard’s logistic 

b. Machine Learning; Data extrapolation; Mixed models

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models
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Computational SIR Model
The computational SIR model works in three stages;

1. Specification of a compartmentalized model;

2. Initial estimation of the compartmentalized model using daily case data;

3. Finding the second solution of model parameters through an optimization algorithm

Examples: Milan Batista, University of Ljubljana, http://www.fpp.edu/~milanb/
Anderson Economic Group, https://www.andersoneconomicgroup.com.

Benefits:

a) The use of a compartmentalized model provides a sound theoretical basis.

b) Initial estimates provide diagnostic information.

c) Optimization further improves accuracy and can—with significant effort—tune the model to address 
specific concerns, rather than simply achieving lowest in-sample errors.

Shortcomings:

a) Susceptible to data anomalies

b) Statistical significance does not equal projection accuracy

c) As data becomes more irregular, the model struggles to find a good fit (it is incapable of measuring 
secondary waves, this becomes much more prominent in later days of the epidemic)

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models

http://www.fpp.edu/~milanb/
https://www.andersoneconomicgroup.com./
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Computational SIR Model
Milan Batista, University of Ljubljana

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models
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Computational SIR Model 
Anderson Economic Group; California with mid June data

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models
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Computational SIR Model 
Anderson Economic Group; Michigan with late April data

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models
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Computational SIR Model 
Anderson Economic Group; Michigan with late May data

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models
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Computational SIR Model 
Anderson Economic Group; Michigan with mid June data

II. Lesson No. 1: The Dominance of Empirical Over Simulation Models
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III.  Lesson No. 2: 
The Huge Cost of Stay-at-Home Orders
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III. Lesson No. 2: The Huge Cost of Stay-at-Home Orders

The cost of stay-at-home orders, and restrictions on 
travel and activity, were predictably catastrophic.

1. The impending “corona depression” loss of employment and 
income was tellingly noted in March—before the issuance of many 
“stay at home” orders.

2. In the immediate aftermath of state-ordered closures, 
unemployment rose to Depression-era levels.

— Estimates show that some states are now pumping nearly $1 
billion in weekly payments into their economies through their 
unemployment insurance programs–dwarfing the payroll of 
many private industries.
https://www.andersoneconomicgroup.com/aeg-covid-19-analyses-may-2020/#5-7

https://www.andersoneconomicgroup.com/aeg-covid-19-analyses-may-2020/#5-7
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Weekly Unemployment Insurance Payments Reach Over $1 Billion in Some States
Anderson Economic Group estimate, May 6, 2020; includes federal supplement.

https://www.andersoneconomicgroup.com/aeg-covid-19-analyses-may-2020/#5-7

III. Lesson No. 2: The Huge Cost of Stay-at-Home Orders

Some states with harsh state 

shutdown orders had 

particularly high 

unemployment—Michigan, 

NY, CA, IL—but other states 

did as well—FL, TX, NV. 

The nature of the orders, and 

the public’s own response, 

clearly played a role.

https://www.andersoneconomicgroup.com/aeg-covid-19-analyses-may-2020/#5-7


© 2020

25

© 2020

Observation: Actual “mobility” declined sharply before most state executive orders took 
effect. Commerce was halted by government orders, but social contact was not.
Apple Mobility Data for Michigan, June 19, 2020

III. Lesson No. 2: The Huge Cost of Stay-at-Home Orders
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IV.  Lesson No. 3:
Two Challenges Remain for Empirical Models
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IV. Lesson No. 3: Two Challenges Remain for Empirical Models

We have difficulty with early detection of the size of 
an epidemic, and with modeling a “second wave.”

As good as the empirical models have proven in this pandemic, there are two 
clear weak spots:

1. First, in February and March, the available data and models made it 
nearly impossible to predict the course of the epidemic within a 
reasonable range for most US states. 

2. Second, as we enter the second half of the year, we are making 
policy decisions based on “second wave” projections with very little 
empirical basis. 

To address the second weakness, we propose the use of a novel “two wave” 
empirical model, which has shown great promise in modeling the epidemic in 
states such as California, Michigan, and New York that seem to be exhibiting a 
second wave.
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Innovation:
A Two-Wave Generalized Logistic Model

We propose a two-wave model. Our theory (see abstract and exhibit 
book) is based on the compartmentalized model principle—but 
extends that to three dimensions. In particular, the model provides for 
a “second wave” to appear for three different reasons:

1. Geographic transmission: 
A delay in reaching additional population centers.

2. Institutional changes:
Diagnosis, classification, testing, and other changes can cause a 
larger share of the population to be reported as infected.

3. Secondary infections:
A second set of infections, at a later time, in the same population.

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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About the Two-Wave Generalized Logistic Model

Key points about this model:

• This is an empirical model. The data decide whether there is a 
second wave, or just one.

• The GLE functional form provides for asymmetry that is not present 
in classical SIR, or functional-form logistic models.

• This model has now been tested on over 600 unique state-time 
span datasets since late May 2020, including numerous US states 
and countries including Italy, Japan, South Korea, Canada, U.K., and 
others. 

• It is computationally and data intense.

• It is not based on simply minimizing prediction errors.
More information may be found in the exhibit book for this presentation. Regularly updated projections 
can be accessed at: https://www.andersoneconomicgroup.com/current-covid-19-graphical-analyses/

IV. Lesson No. 3: Two Challenges Remain for Empirical Models

https://www.andersoneconomicgroup.com/current-covid-19-graphical-analyses/
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Two-Wave Generalized Logistic Model 
Anderson Economic Group; Arizona with mid June data

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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Two-Wave Generalized Logistic Model
Anderson Economic Group; California with mid June data

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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Two-Wave Generalized Logistic Model
Anderson Economic Group; Florida with mid June data

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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Two-Wave Generalized Logistic Model
Anderson Economic Group; Georgia with mid June data

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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Two-Wave Generalized Logistic Model
Anderson Economic Group; Michigan with mid June data

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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Two-Wave Generalized Logistic Model
Anderson Economic Group; New York with mid June data

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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Testing the Two-Wave Model versus
The Benchmark Computational SIR

We present some examples of testing the new model against the benchmark.
Early results from these tests:

1. Problems with early detection exist both within the empirical SIR models, 
as well as within the Two-Wave Generalized Logistic model. 

• Prior to a ‘peak’ in data, it is very hard for these models to accurately 
predict the next month of data.

2. As more data becomes available, the two-wave model’s projections 
become significantly more accurate compared to other empirical models.

• Thus far, tested mostly on U.S. states, data through May-June 2020.

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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Two-Wave Generalized Logistic Model and Computational SIR model comparison
Anderson Economic Group; U.S. States, Cumulative Cases

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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Two-Wave Generalized Logistic Model and Computational SIR model comparison
Anderson Economic Group; U.S. States, Daily Cases

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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Two-Wave Generalized Logistic Model and Computational SIR model comparison
Anderson Economic Group; Countries, Cumulative Cases

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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Two-Wave Generalized Logistic Model and Computational SIR model comparison
Anderson Economic Group; Countries, Daily Cases

IV. Lesson No. 3: Two Challenges Remain for Empirical Models
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V. Conclusion
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V. Conclusion

Lessons We Draw

1. Real data, and empirical methods, have proven to be reliable 
indicators of consequence in this crisis. 

2. There is enduring value to common-sense analysis, particularly 
regarding the consequence of blunt-force policies such as shut-down 
orders. 

3. Policy makers—and model makers—should take note of the damage 
to public confidence caused by repeated presentation of exaggerated, 
poorly-described, ambiguously-presented “models.”  
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V. Conclusion

Lessons We Draw

4. Even the best-known empirical models should not be relied upon to 
identify a peak without sufficient data.

5. Secondary waves arise for more at least three reasons: geographic, 
institutional, and epidemiological. 

We should start using models that natively allow for this, including
the novel two-wave model we present here. 

6. State shut-down orders had devastating consequences to some state 
economies. However, people’s own decisions—and the nature of the 
orders, and the local economies—also played a big role. 
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Appendix A: Two-Wave Model Formula

The Two-Wave Generalized Logistic Model
Anderson, Mertdogan, 2020.

𝑌 𝑡 = 𝐴 +
𝐾 − 𝐴

𝑐 + 𝑄𝑒−𝐵 𝑡−𝑀
1
𝑣

+ 𝐴2 +
𝐾2 − 𝐴2

𝑐2 + 𝑄2𝑒
−𝐵2 𝑡−𝑄2

1
𝑣2

A = Initial Cases
K = Upper asymptote, or expected maximum (also known as “carrying capacity”)
B = Growth Rate
v = Asymmetry exponent 

(if v<1, then maximum cases per day occurs before y = K/2 (midpoint);
if v>1 then it occurs after y = K/2)

M = Starting time or the “time delay” after the initial case time;
default is zero unless estimated as later in the time period.

Default value used in our implementation:
Q = Assumed to be 1 in this case, 

Q<1 causes the graph to shift left on the X axis and
Q>1 causes a right shift. 

c = Assumed to be 1, in which case K=maximum. If less than 1, it causes
a truncation in the top asymptote of the graph.
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Comparison of SIR vs Two-Wave Generalized Logistic

Computational SIR Model 2-Wave Generalized Logistic

• No asymmetry exponent. Expects a 
nearly perfect “bell-curve” shape of 
the empirical curve.

• Non-constrained optimization

• Cannot capture any subsequent 
waves or a “fat-tail.”

• Decades of experience across 
multiple epidemics; large number of 
empirical implementations; many 
variations; diagnostic indicators such 
as “beta” and “gamma.”

• Expects multiple shapes of the empirical 
curve of data; including single curve; 
delayed second curve; and fat tail 
combination of curves.

• Constrained optimization

• Able to capture a subsequent wave, no 
subsequent wave; or a “fat-tail.”

• But: requires estimating more parameters; 
does not benefit from decades of 
experience; sensitive to certain 
assumptions; estimation is more 
complicated; less intuitive diagnostics.

Appendix B: Comparison of SIR v Two-wave GLE


