Quantifying model fit for spatially and temporally varying data

I Goal

Quantify model fit for "indexed"
(time-series or spatial) data.

Problems with conventional approach:
There are several standard methods
for quantifying model fit between
observations y(x) and predictions
yhat(x), including:
1. Mean-squared error or mean
absolute error
2. Overlap integral
3. Correlation coefficient,
regression coefficient
A1l of these methods have the same two
drawbacks. First, they treat all error
as if it occurs in the "y" direction.
Second, a "miss is as good as a mile":
if a peak value is misplaced, it often
doesn't matter whether it is misplaced
by a Tittle or a lot: the error can be
the same either way.

1-Dimensional Example:

I(hu"Approach

We first "deform" the predictions—stretch them or compress
them—to better fit the data. Then we see (1) how good is the fit

after deformation, and (2) how much deformation did we do? This

decomposes the error into two parts: error in y and error in x.

This is implemented by defining an error measure that includes two
terms rather than just one. For a one-dimensional function (such
as a time series), this can be written:

A(y,y)zmin[ G( y(X),f/(f(X))dx+A F(x,f(x))dx
feD Ju A

- GO 1is a function that compares the measurements to the deformed
predictions; for example, it could be the difference in the
squares of the values.

- FQ 1is a function that quantifies the amount of deformation;
it might measure the mean-squared magnitude of the deformation,
for example.

- The function f(x) defines the deformation itself; the more it
differs from f(x)=x, the bigger the deformation.

The parameter (M) controls the trade-off between error in x and
error in y: if lambda is set very high, deformation is heavily
penalized; if A is set very low, deformation is Tightly penalized.
(\) quantifies the answer to the question "if your prediction could
be wrong by 1 unit in y or z units in x, which would you prefer?"

2-Dimensional Example:

Figure 1 shows (hypothetical)
"observed" values (black Tine
with points) and "predicted"
values (red 1ine). The root-
mean-squared (RMS) error in y
is about 4.4 units.
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Figure 3 shows Figure 4 shows
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(top) and distortions that
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Figure 2 shows the same
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"observed" and "predicted"
values, but the predicted
values have been stretched
and compressed along the

y axis so as to maximize
the agreement with the
observed values (by setting

experiment. Our computer
program runs into
numerical diffi-
culties for Tow
values of A so

we could not

go below about

Observations

A very Tow).

The conventional error summary would say "predictions
had an RMS error of 4.4 units in y." Our method allows
us to say "predictions had an RMS error of 0.3 units in

x, and 0.04 units in y."
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We think the approach of quantifying both error in y and
error in x is likely to be a useful one in many analyses of
spatial and time-series data.

We have a computational approach that can always solve the one-
dimensional (e.g., time-series) case, but we run into computational
problems for 2-dimensional cases (e.g., maps), and cannot always
find solutions for all values of the trade-off parameter (A).
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730000 2713000 Figure 5 shows oo
two ways of N .
visualizing the
deformation for =
(A=4990): as

a vector field .
and as a dis- s
torted grid:
if we plotted
the predictions -
on a rubber
sheet that had
a regular grid
printed on it,
this is what
the grid would B
Took Tike :
after the
deformation.
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