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Five ways the 
veterinary 
team can 
help new 
grads 
succeed
Is your newest associate a 
brand new graduate? Every 
member of the veterinary team 
can play a role in helping these 
young veterinarians succeed.
By Kate Boatright, VMD

W ith the class of 2020 
completing their schooling 
— albeit in a nontraditional 

way — several thousand newly minted 
veterinarians are joining the workforce. 
The success of these young veterinarians 
depends on a supportive clinic environ-
ment. While many clinics have a plan for 
how the current veterinarians will mentor 
their new colleagues, here are five ways 
that every team member can help these 
young doctors reach their full potential. 

1. Understand the new 
graduate mindset
Most veterinary teams have experienced 
the changes that occur when a new doctor 
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Why are there so many 
different models for 
COVID-19?
Well-known British statistician George Box famously said 
all models are wrong, but some are useful. Here’s what he 
meant—and why you may find disease modeling for the novel 
coronavirus so confusing. 
By Sonnya Dennis, DVM, DABVP (Canine and Feline), Carolyn Piché, BS (Biomedical Science), and  
Rachael Kreisler, VMD, MSCE, DACVPM (Epidemiology)
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Why are there so many different 
models for COVID-19?
Bringing clarity to the whys and hows of all 
those coronavirus projections and forecasts.
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D isease models help us understand 
the behavior of infectious disease in 
a population by providing projec-

tions and forecasts. Projections allow us 
to see what might happen under different 
conditions — for example, how modifying 
our behavior through social distancing 
might change when and how many people 
get sick. It is often a good thing when 
observed reality is different from a model’s 
projection because it means that we were 
able to control the course of disease with 
an intervention. 

Forecasts are different from projections 
in that forecasts tell us what we can antici-
pate will happen given current conditions, 
much like a weather forecast. Perhaps even 
more importantly, traditional epidemiologic 
models are highly useful for providing a 
framework for understanding very complex 
problems and prioritizing the areas that 
are most important to focus attention, 
resources, and research. 

Approaches to 
disease modeling
There are several ways to approach disease 
modeling, depending on the information you 
have and the questions you are interested in 
asking. A common output of a disease model 
is an epidemic curve (Figure 1) that shows 
when and how many people get sick or die.

Compartment models
Many of the models produced for 
COVID-19 are based on the traditional 
epidemiologic compartment model of 
disease, which divides a population into 
discrete boxes (“compartments”) and deter-
mines the rate of change between disease 
states. Many such models are also called SIR 
or SEIR models based on the labels of the 
compartments (S = susceptible, E = exposed, 
I = infectious, R = recovered or removed).1 
The compartments are very flexible in that 
they can be subdivided, or new ones added, 
to capture important disease characteristics, 

such as the proportion of infectious indi-
viduals who require isolation, hospitalization 
or ventilation. Differential equations are then 
used to calculate the rates of change, typi-
cally represented by Greek letters, between 
compartments as a disease progresses 
through a population in order to generate an 
epidemiologic curve (Figure 2). 

Compartment models are very helpful 
to understand which variables that affect 
disease behavior are of greatest impor-
tance; however, they require good input 
data to generate accurate projections. This 
can be a challenge for a novel disease such 
as coronavirus when many input variables 
are not well understood. Another potential 
drawback is that they use a “mass action” 
principle to explain disease spread. (The 
mass action principle can be understood 
basically as a bunch of balls bouncing around 
inside a compartment. If an “infectious” 
ball bounces into a “susceptible” ball, the 
susceptible ball becomes an infectious ball, 

Coronavirus models
> Continued from cover 
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Why are there so many different 
models for COVID-19?
Well-known British statistician George Box famously said all models are wrong,  
but some are useful. Here’s what he meant—and why you may find disease modeling 
for the novel coronavirus so confusing. 
By Sonnya Dennis, DVM, DABVP (Canine and Feline), Carolyn Piché, BS (Biomedical Science), and  
Rachael Kreisler, VMD, MSCE, DACVPM (Epidemiology)
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which can in turn infect other susceptible balls 
until recovered.2) 

Although this type of modeling works 
relatively well at the population level, it may 
not be an accurate representation of what 
actually happens with infectious diseases such 
as COVID-19 for which social networks and 
super-spreader events appear to play a large 
role in transmission. Examples of compartment 
models are Youyang Gu (SEIS; S = susceptible, 
E = exposed, I = infectious, S = susceptible 
again), Columbia (SEIR), and Northeastern 
University (SLIR; S = susceptible, L = latent, 
I = infectious, R = removed).

Curve-fitting models
Other models attempt to compensate for 
the lack of knowledge about specific vari-
ables by fitting a curve to data observed from 
other countries further along in the disease 
process, and then applying this curve to the 
current pattern of data of a given country or 
state in which the disease process has not yet 
progressed as much. The most well-known 
model using this approach is the original model 
from the Institute for Health Metrics (IHME) 
and Evaluation.3 It used the starting dates of 
restrictions on mass gatherings, school clos-
ings, and stay-at-home orders to model projec-
tions in the U.S based on other countries such 
as China and South Korea (Figure 3). 

A strength of this model is that it shows 
both model uncertainty as well as the actual 
data observed. It is important to note that the 
intervals around the estimate do not repre-
sent the best and worst case estimates as 

Figure 1. A typical and simple epidemic curve showing number of illnesses or deaths 
graphed against time. The “peak” is only obvious once the epidemic is over.  
(Adapted from CDC)

Figure 2. Example of a typical SEIR model demonstrating the extensive variables as 
described by Bradhurst et al. in a 2015 article about foot and mouth disease outbreaks 
in Australia.1

Figure 3. Example of an IHME forecast based on current conditions.3 (Updated July 22, 2020)

Daily number of 
confirmed cases

Goal for increased 
health system 
capacity

Current health 
system capacity

Cases without 
protective 
measures

Cases with 
protective 
measures
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health system
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dR
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=  μ − β I S − μ S

=  σ E − μ I − γ I

=  β I S − μ E − σ E

=   γ I − μ R
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μ

μ μ μ μ

βI σ γ

S = proportion of the herd that are susceptible

E = proportion of the herd that are exposed

I  = proportion of the herd that are infectious

R = proportion of the herd that are recovered

1

1

l

μ

σ

γ

β

= average natural lifespan of the host
   (μ = birth rate = natural mortality rate)
= effective contact rate  
   (contact rate x transmission probability) 
= average duration of the latent period 
   (σ = progression rate from exposed to infectious)
= average duration of the infectious period
   (γ = recovery rate)

where
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is commonly assumed, but rather the range 
of uncertainty around the model’s estimate 
given what is a fairly best case scenario (i.e., 
that the impact of the distancing interven-
tions in the U.S. will approximate that of the 
more extreme China lockdowns or the more 
sophisticated South Korean contact tracing).

Agent-based models
A final class is agent-based models (ABMs), 
also known as individual-based models. 
ABMs compensate for the weakness of 
compartment models, which assume disease 
transmission through the mass action prin-
ciple, by simulating the operations and inter-
actions of individuals within a population. 
Multiple simulations are run with each agent 
following relatively simple rules and with 
some random variation to generate emergent 
results based on the interactions and actions 
of individuals. 

These models can incorporate important 
variables such as age, household composi-
tion, environmental changes (change in 
temperature and humidity in the summer), 
social interactions, and behavioral changes 
that individuals may make in response to 
evolving circumstances (such as staying 
home more often if they observe more 
deaths in their community, or less often if 
they do not). Although agents’ actions are 
based on simple rules, they can capture 
unexpected aggregate phenomena that result 
from their interactions with other agents and 
the environment around them. 

ABMs are quite computationally inten-
sive, and they require significant data on 
environment and behavior, such as the 
density of different types of workplaces. The 

most well-known COVID-19 ABM is from 
London’s Imperial College; this model inves-
tigated non-pharmaceutical interventions 
in COVID-19 and was used to guide early 
policy for the U.K. and U.S. (Figure 4).4

How do I know if I can 
trust a model’s output?
To understand any model, you must know 
the assumptions on which it is based, such 
as how much contact people are assumed 
to have with affected individuals and how 
likely they are to die if infected. Knowing 
the assumptions of a model is like reading 
the materials and methods of a study — you 
cannot fully understand or trust the conclu-
sion without it. 

The assumptions on which the model 
is based should be readily available. For 
models that use data inputs, such as 
compartment models, you should know 
what sources provided the values and what 
those values were. Models should provide 
a sensitivity analysis, which tests how the 
model output changes when the underlying 
data or assumptions are changed. If there 
are variables for which small changes in 
the input value lead to large changes in the 
output of the model, those variables should 
be examined carefully. Models should also be 
validated or calibrated to see if the projec-
tions match what we have seen actually 
happen. It is important to note that during 
an epidemic, accurate data collection can 
be challenging, and reported data against 
which models are validated may themselves 

be imperfect. For example, deaths are 
often undercounted in the beginning of an 
epidemic and are revised later to reflect the 
actual, higher number. Models are dynamic 
and are updated as knowledge and data 
change, and as our interventions change the 
course of the disease. 

Which type of model 
is the best?
None of these approaches to modeling is a 
perfect representation of the real world. In 
other words, all models are wrong. The good 
news is that models do not need to be perfect 
to be useful.5 All approaches to modeling have 
strengths and weaknesses, and the “best” 
model typically depends on the question you 
are trying to answer and the quality of the 
available data. For forecast models, a combi-
nation of forecasts to create an ensemble or 
consensus model may be the best approach. 
This is similar to the “spaghetti” models6 often 
used to forecast the likely path of hurricanes. 
Models that have been more accurate in 
the past often are given greater weight. For 
example, the Centers for Disease Control and 
Prevention generates an ensemble model7 
that combines nine different types of models 
(Figure 5), and Reich Lab has an interactive 
real-time model.8

So, why are there so many different 
models for the novel coronavirus? Because 
there are many questions of interest, many 
ways to answer those questions, and a lot of 
unknown data about the disease. All types 
of models can generate misleading results, 

Figure 4. Example of Imperial College’s projections from March 2020 based on 
altering certain variables.4
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Knowing the assumptions 
of a model is like reading 
the materials and methods 
of a study — you cannot 
fully understand or trust 
the conclusion without it. 
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and it is critical, when considering the 
quality of the model, to understand 
the assumptions it makes and the 
sources and reliability of the input 
data. Each individual model helps us 
to understand the whole better. The 
models are not competitive with each 
other; rather, they are dynamic snap-
shots that complement one another. 
Models give us with a range of possi-
bilities based on our best guess of 
where we are now to help us prepare 
for the future or change our behavior 
to help control our future. 

Dr. Dennis owns and practices full-
time at Stratham-Newfields Veterinary 
Hospital in New Hampshire. She is 
currently the AAVSB representa-
tive to the AVMA’s American Board 
of Veterinary Specialties, chair of 
the AAHA Veterinary Informatics 
Committee and Diagnostic Terms 
Editorial Board, a peer reviewer for 
JAAHA, chair of the Al Hahn Award 
for Lifetime Achievement in Veterinary 
Informatics, and a member of the 
Outreach and Credentials Committees 
with ABVP. Dr. Dennis lectures nation-
ally about topics including ethics 
exhaustion and informatics. 
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What is the Association for Veterinary Informatics?

Veterinary clinical informatics blends information technology, 
communications, social and behavioral science, and veterinary 
medicine to improve the quality and safety of patient care. Founded 
in 1981, the Association for Veterinary Informatics (AVI) is a 
nonprofit international and interdisciplinary organization comprised 
of individuals involved in biomedical informatics research, design, 
implementation, education and advocacy within the domain of 
veterinary medicine. 

The group’s mission is to guide and transform the veterinary profes-
sion in understanding, using and extending the practice of informatics. 
AVI members have access to exclusive member content, including 
news, a member directory, past symposia details, and forums. To learn 
more, visit avinformatics.org.

Figure 5. CDC’s compilation comparing various models at the current situation to show cumulative reported COVID-19 deaths 
and forecasted deaths for the next four weeks in the United States.6 (Updated July 14, 2020) 
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