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Which model Is best?
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Date of symptoms onset

http://www.who.int/csr/don/27-november-2017-plague-madagascar/en/
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to data and there are many scenarios from which
mechanical model can be built.
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The method best suited for your work will
depend on your model and your data.



CKSNBE |NB YIyeée aitl daradac
to data and there are many possible scenarios fromn
which mechanical model can be built.

The method best suited for your work will
depend on your model and your data.

What are some measures of model fit used
In E2M2 so far?



R squared R-carré

Least squares (Moindrescarreg

Log likelihood Maximum de vraisemblance

AlIC

(uses least squares or log-likelihood but penalizes by
number of fitted parameters)
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Optimization/maximization

Function properties

From Tanjona Ramiadantsoa



Optimization/maximization
A function and 1ts derivative

* What happen when the
derivative is:

f(x) and f'(x)

* negative?
* positive?
* zero?

+ reaching a maximum (finite)

value?

From Tanjona Ramiadantsoa



Optimization/maximization

A tunction and its derivative

* What happen when the
derivative is:

f(x) and f'(x)

2y negative?
& positive?
* zero?

# reaching a maximum (finite)

value?

From Tanjona Ramiadantsoa

The R f opangdt icoamn dbe used
these measures of model difference from the data.



Least squares

Adding covariates and R?

good
humour

>
temperature

humour = bo + bitemperature +Error



Least squares

Adding covariates and R?
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Least squares

Adding covariates and R?
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humour = b + bitemperature + bo\Wednesday+

bsrain + barejection +Error



Least squares

Adding covariates and R?

good
humour
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Adding covariates almost always increases
the R= - so a key question is when to stop.



What to ch




Least square AIC

SS,

AIC = N = In(
N

)+ 2K

N: Number of observations
$S.: Sum squareof errors
K: Number of parameters

The smaller the AIC the better



Least square AIC

More parameter is not always good

/

AIC = N *1 (559)
= n N

N: Number of observations
$S.: Sum squareof errors
K: Number of parameters

The smaller the AIC the better



Maximum likelihood

Data o
h f(x|e, (2)

number

e.g., height



Maximum likelihood

Data o 5
- f(x|e, us)
E

e.g., hefgh;
Likelihood

1 ~ the

given the

...each individual in the data has a
corresponding likelihood... multiply
—_, them...

1
/ Very low likelihood.



Maximum likelihood

Data
k f(x|e, (2)
E 1 y
g
2
e.g., hefgh;
Likelihood
| ~ the ‘probability of seeing the data
02 given the chosen parameters
..each individual in the data has a
oorrespondmg likelihood... multiply
_, them...
M Y
Very low likelihood.
02

Maximum likelihood
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An example of model selection:
Bartonella sppn Madagascar rats



