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ABSTRACT

A methodology is proposed for examining the effect of model parameters (assumed to be contin-
uous) on the spatial structure of forecasts. The methodology involves several statistical methods of
sampling and inference to assure the sensitivity results are statistically sound. Specifically, Latin
hypercube sampling is employed to vary the model parameters, and multivariate multiple regression is
used to account for spatial correlations in assessing the sensitivities. The end product is a geographic
“map’’ of p values for each model parameter, allowing one to display and examine the spatial structure
of the sensitivity. As an illustration, the effect of 11 model parameters in a mesoscale model on
forecasts of convective and grid-scale precipitation, surface air temperature, and water vapor is
studied. A number of spatial patterns in sensitivity are found. For example, a parameter that controls
the fraction of available convective clouds and precipitation fed back to the grid scale influences
precipitation forecasts mostly over the southeastern region of the domain; another parameter that
modifies the surface fluxes distinguishes between precipitation forecasts over land and over water. The
sensitivity of surface air temperature and water vapor forecasts also has distinct spatial patterns, with
the specific pattern depending on the model parameter. Among the 11 parameters examined, there is
one (an autoconversion factor in the microphysics) that appears to have no influence in any region and
on any of the forecast quantities.
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The algorithms in numerical weather prediction
models contain numerous parameters—hereafter,
“model parameters”—whose values and/or ranges are
generally established by field or laboratory experiments
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or on theoretical grounds (Stensrud 2007). The effect of
these parameters on forecasts is important, but often
complex and difficult to establish. Two techniques
that are often used to address the influence of model
parameters on forecasts are sensitivity analysis and model
tuning (also called fine-tuning or calibration). This article
proposes a sensitivity analysis method aimed at better
understanding the effect of model parameters on the
spatial structure of forecasts. The model used to illustrate
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the method is Coupled Ocean—-Atmosphere Mesoscale
Prediction System (COAMPS),! and the forecast quan-
tities are precipitation (convective and resolved grid
scale), surface air temperature, and water vapor.

It is important to distinguish between the two ap-
proaches because in spite of their similarities, their fo-
cuses are different. The immediate goal of model tuning
is the objective improvement of forecasts (Duan et al.
2006; Hourdin et al. 2017; Voudouri et al. 2017). While
that effort does naturally involve assessing the sensitiv-
ity of the forecasts with respect to model parameters, the
objective improvement of forecasts is only an indirect
and long-term objective in sensitivity analysis. The main
focus of sensitivity analysis is to establish the conditions
under which parameters have an effect at all, and then to
quantify the magnitude and statistical significance of the
effects (Saltelli et al. 2004, 2010; Warner 2011). The
difference between the two methods can be seen in the
fact that model tuning relies on observations in order to
guide the tuning of the model, whereas in sensitivity
analysis, one is interested mostly in the effect of model
parameters on forecasts only. As such, model tuning can
be thought of as a sensitivity analysis of forecast errors.

The covariates (i.e., the independent variables) in a
sensitivity analysis or model tuning are not always model
parameters; instead, one may be interested in the effect
of initial conditions, the impact of observations and/or
their location, the effect of the various members of an
ensemble, sensitivity with respect to a unit change in a
state variable, or combinations of all of the above (Ancell
and Hakim 2007; Daescu and Langland 2013; Davis and
Emanuel 1991; Gombos and Hansen 2008; Hacker et al.
2011; Jarvinen et al. 2012; Laine et al. 2012; Ollinaho et al.
2014; Torn and Hakim 2008; Weisman et al. 2015). Based
on the above definitions, these examples broadly—but
by no means categorically—fall under the umbrella of
model tuning. Examples of studies that place more em-
phasis on sensitivity analysis—but not to the exclusion
of model tuning—are Adlerman and Droegemeier
(2002), Boyle et al. (2015), Crook (1996), Gdémez-
Navarro et al. (2015), Houston and Niyogi (2007),
Marzban et al. (2014), Molders et al. (1995), Qian et al.
(2015), Robock et al. (2003), Roebber (1989), Roebber
and Bosart (1998), Schumann and Roebber (2010), and
Zhao and Tiede (2011).

As mentioned above, the immediate goal of sensitivity
analysis is to expose the conditions under which the pa-
rameters have an effect on the forecasts and to assess the
strength of that effect. In Marzban et al. (2014), the effects

' COAMPS is a registered trademark of the Naval Research
Laboratory.
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of 11 model parameters (Table 1) on the domain average
and center of gravity of precipitation are examined. Here,
in order to provide a visual display of the spatial structure
of sensitivity across the entire domain, a measure of sen-
sitivity is produced at each and every grid point.

On a spatial/gridded field, estimates of sensitivity are
affected by dependency (spatial correlation) between
grid points. Such correlations affect both the point es-
timate of sensitivity, as well as tests of statistical signif-
icance. Another complicating factor is the multiplicity of
tests arising from testing either multiple model param-
eters at a given grid point or across multiple grid points
(Wilks 2006, 2011). It is well known that multiple hy-
pothesis testing leads to an increase in type I errors: for
example, suggesting that a model parameter has a sig-
nificant effect on the forecasts at a given grid point, when
in fact it does not. As such, it is important to avoid,
minimize the number of, or take steps to account for
spatial correlations and the multiplicity of hypothesis
tests (Benjamini and Hochberg 1995; Bretz et al. 2010;
Dmitrienko et al. 2009; Noble 2009; Rosenblatt 2013;
Wilks 2011).

The present paper puts forth a methodology that allows
one to address all of these issues. The methodology con-
sists of several well-known techniques from the field of
experimental design. Latin hypercube sampling is
employed to select the values of the model parameters
across which they are varied. Multivariate multiple re-
gression (MMR), a generalization of multiple regression to
the case where multiple predictors and multiple responses
are present, is used to model the relationship between 11
model parameters and forecasts at several grid points, si-
multaneously. The multivariate (i.e., several responses)
nature of MMR allows one to account for spatial correla-
tions and the multiplicity of those tests pertaining to mul-
tiple model parameters and multiple responses. In the
proposed approach, the problems associated with multiple
hypothesis tests across the multitude of grid points are
avoided completely, because at no stage are the p values
compared with a significance level of any kind for the
purpose of hypothesis testing; the magnitude of the
p values is sufficient to provide a visual assessment of
the significance and the magnitude of the sensitivities.

These steps lead to spatially corrected p values that
are displayed as a geographic “map” reflecting the
spatial structure of the sensitivities, first across all model
parameters and then for each model parameter. These
maps are produced for each of the 40 days/forecasts in
the dataset examined here. Although such daily sensi-
tivity maps can be useful for some users, the question
of how model parameters affect forecasts requires an
assessment of sensitivity that is independent of day/time.
To that end, a final statistical test is applied to produce a
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TABLE 1. The 11 parameters studied in this paper. Also shown are the default values and the range over which they are varied.

ID Name (unit) Description Default Range

1 delt2KF (°C) Temperature increment at the LCL for KF trigger 0 -2,2

2 cloudrad (m) Cloud radius factor in KF 1500 500, 3000

3 prepfrac Fraction of available precipitation in KF, fed back to the grid scale 0.5 0,1

4 mixlen Linear factor that multiplies the mixing length within the PBL 1.0 0.5,1.5

5 sfeflx Linear factor that modifies the surface fluxes 1.0 0.5,1.5

6 wictKF Linear factor for the vertical velocity (grid scale) used by KF trigger 1.0 0.5,1.5

7 deltlKF (°C) Another method to perturb the temperature at the LCL in KF 0 -2,2

8 autoconl (kgm >s™') Autoconversion factors for the microphysics 0.001 1x107%1x%x1072

9 autocon2 (kgm >s') Autoconversion factors for the microphysics 4x1074 4x107°,4x 1073
10 rainsi (m™!) Microphysics slope intercept parameter for rain 8.0 x 10° 8.0 X 10°, 8.0 X 107
11 snowsi (m™ 1) Microphysics slope intercept parameter for snow 2.0 X 107 2.0 X 10°,2.0 x 108

single map of p values that displays the spatial structure
of sensitivities aggregated across days.

2. Method
a. Data

The methodology developed here requires running
the forecasting model (here, COAMPS) for different
values of the model parameters (and for different days/
forecasts). The model output—henceforth, “data”—
generated in this way is then used for the sensitivity
analysis. Given the large computational requirements of
running forecasting models, the number of times one
can run them is an important practical consideration.
Methods of experimental design (Montgomery 2009)
can be used to both minimize the number of runs and to
select the specific values of the model parameters for
each run. The experimental design of this study is similar
to that of Marzban et al. (2014), and so, it is described
here only briefly. Only the atmospheric portion of
COAMPS (Hodur 1997) is used. For 40 days, at ap-
proximately 3-day intervals between 16 February and
2 July 2009, COAMPS 24-h forecasts are generated for
four meteorological quantities: 24-h accumulated con-
vective and grid-scale precipitation, surface air tem-
perature, and water vapor. For each date, a 99-member
ensemble is produced by varying 11 model parameters;
these parameters are shown in Table 1, and the reasons
for their selection are explained by Holt et al. (2011).

The specific values of the parameters are obtained by
taking a Latin hypercube sample (LHS) of size 99 from
the 11-dimensional space of the parameters. Techni-
cally, by virtue of being an analysis of data produced by a
computer model, the sensitivity analysis performed here
is an instance of a computer experiment, wherein the
sampling method of choice is LHS (Cacuci et al. 2005;
Saltelli et al. 2004, 2010; Bowman et al. 1993; Fang et al.
2006; Sacks et al. 1989; Santner et al. 2003). This sam-
pling scheme is designed to assure that no two of the 99

points have the same value for any of the 11 parameters.
It can be shown that this property leads to estimates that
are generally more precise than random sampling or
varying the model parameters one at a time (Cioppa and
Lucas 2007; Hacker et al. 2011; McKay et al. 1979;
Marzban 2013; Marzban et al. 2014; Qian et al. 2015).

Here, the number of runs is set to 99, mostly based on
trial and error; it is confirmed that fewer runs (20 and 50)
produce similar results, although, not surprisingly, with
lower statistical significance. The choice of the number of
runs is also weighed against the time required for each of
the COAMPS runs. To expedite the runs, a low-resolution
configuration is used. Specifically, the size of the domain is
45 X 72 with 81-km grid spacing. Although this spacing
may be too coarse to be useful for practical purposes, as
shown below, it is sufficiently fine to demonstrate the
methodology and to reveal many nontrivial and statisti-
cally significant spatial structures. The resolution of the
model and the number of runs are two quantities that af-
fect computational effort, and so their values depend on
the computational resources available to users of this
methodology. Regardless of computational resources,
some trial and error is recommended in order to test the
sensitivity of the final results on these two quantities.

The LHS is designed for situations where the variables
being sampled are continuous. In the present applica-
tion, all of the model parameters examined are contin-
uous. The case where model parameters are discrete or
categorical requires a different class of sampling
schemes; that methodology will be considered else-
where. The LHS is not the only sampling procedure with
desirable properties; Qian et al. (2015) use LHS and an
alternative known as quasi-Monte Carlo sampling.
Further comparisons of the two sampling methods have
been performed in Kucherenko et al. (2015).

b. Multivariate multiple regression

The statistical model used for assessing sensitivity and
its statistical significance is MMR. The main reason for
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this choice is the manner in which MMR allows one to
account for spatial correlations (DelSole and Yang
2011). Although other methods exist that take spatial
correlations into account when performing inference
(Douglas et al. 2000; Elmore et al. 2006; Wilks 1997), the
MMR approach is more natural in the present applica-
tion because the sensitivity analysis is done within a
regression framework already.

The terms “multivariate” and “multiple” in MMR
refer to several response and predictor variables, re-
spectively. The benefits of an MMR model over several
multiple regression models (one per response variable)
are similar to the advantages of a single multiple re-
gression model over several simple regression models
(one for each predictor). Consider the latter comparison;
it can be shown that if the predictors are completely un-
correlated, then multiple regression is completely equiv-
alent to several simple regressions developed on each of
the predictors. However, in the presence of any correla-
tion between the predictors, the least squares regression
coefficients in multiple regression are different from
those in simple regression, and only the former are cor-
rect (i.e., unbiased estimates of the true population re-
gression coefficients). In this sense, multiple regression
“accounts for” the correlations between predictors.

Similarly, given several response (and several pre-
dictor) variables, if the responses are completely un-
correlated, then MMR has no advantages over several
multiple regression models (one per response). But if
there exists any correlation between the response vari-
ables, then the least squares estimates of the regression
coefficients in multiple regression models are incorrect;
only those obtained from MMR are unbiased estimates
of the true/population values. In this sense, MMR ac-
counts for correlations between response variables, as
well as correlations between the predictors.

In the present application, the predictors in MMR are
the 11 model parameters. To be able to compare the effect
of the model parameters, they are all standardized (to
have a mean and variance of 0 and 1, respectively) at each
grid point. The response variables are the forecasts (e.g., air
temperature) at multiple grid points. Here, the number of
response variables is set to nine, corresponding to the grid
points in a 3 X 3 window. Such a window corresponds to a
square of size 243km (3 X 81km) on the side. In other
words, it is assumed that the spatial correlation extends to
that distance scale. This window size is selected to be suf-
ficiently large to account for some spatial correlation, but
sufficiently small to allow nontrivial spatial structure to be
seen across the entire forecast domain. Henceforth, this
window will be referred to as the MMR window.

The multivariate nature of MMR allows a variety of
statistical tests. At the simplest level, one can test whether
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any of the predictors (model parameters) have an effect on
any of the response variables (grid points in the MMR
window). Hypotheses containing the word “any,” or
equivalently, the phrase “at least 1,” are commonplace in
statistics, and there exists a number of standard tests for
them; such tests—often called “omnibus”—lead to a single
p value, and as such, avoid the complexities associated with
multiple hypothesis testing arising from the multitude of
predictor and response variables (Montgomery 2009;
Wilks 2011). Only if the omnibus test is significant does one
proceed to test the effect of each predictor; otherwise,
there is no justification to test each predictor. This two-step
testing procedure—an omnibus test followed by a se-
quence of more diagnostic tests—is a standard method for
taming the adverse effects of multiple hypothesis testing
(Montgomery 2009). The test used here is called the Pillai’s
trace test (Fox et al. 2013), and it leads to a single p-value
map for each forecast day.

Although such daily maps of sensitivity may be useful
for users who may expect the sensitivities to depend on
certain types of weather, assessing sensitivity in-
dependently of forecast day is arguably more useful. To
that end, the daily maps of p values are aggregated into a
single p-value map; see the next subsection for an ex-
planation of how this aggregation is performed. In short,
MMR allows one to generate a single map of p values
displaying the spatial structure of sensitivities across all
model parameters and days. The utility of such a map is
derived from the underlying omnibus test. As such, only
if/when this map reveals a distinct spatial structure does
one proceed to assess the contribution from each model
parameter separately. This map is one of the main out-
puts of the proposed methodology.

The other main output is a number of p-value maps
for examining the contribution of each model parameter
separately. MMR allows for such a test as well; in this
case, each p value assesses whether a given model pa-
rameter has an effect on any of the grid points in the
MMR window. Given that the test is done within the
MMR framework (i.e., with multiple responses and
predictors), the resulting p values continue to take into
account spatial correlations across the grid points and
correlations between the model parameters.

In the proposed methodology, complexities associated
with the multiplicity of predictors, responses, and grid
points are addressed in different ways. First, the p values
computed in MMR are penalized for larger number of
predictors and/or responses; these numbers appear ex-
plicitly in the degrees of freedom associated with the test
and in a way that generally increases the p value when the
numbers are large (Montgomery 2009). This ““‘correction”
does not directly address the problems associated with
multiple hypothesis testing because those problems arise
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FIG. 1. A flowchart of the proposed methodology. ““Map’’ denotes a spatial, gridded field.
See text for explanation.

when one compares p values with a fixed number
(e.g., significance level) for the purpose of rejecting or not
rejecting a null hypothesis. Here, the problems associated
with multiple hypothesis testing across the grid points are
avoided altogether because at no stage are any of the
p values employed for hypothesis testing.

The flowchart in Fig. 1 shows all of the elements of
the proposed methodology. One begins with an LHS
taken from the space of model parameters (top-left
corner of Fig. 1). These parameters are fed into the
mesoscale model (here, COAMPS), and forecast
spatial/gridded fields—maps, for short—are produced.
The model parameters are standardized and used as
predictors in MMR, while the response variables for
MMR are supplied by the values of forecasts inside the
MMR window. The least squares estimates of MMR are
subjected to two types of tests: 1) a test of whether any of
the model parameters have an effect on any of the grid
points in the MMR window and 2) a test of whether a
given model parameter has an effect on any of the grid
points in the MMR window. There exists one such
p-value map per day. A test of uniformity, discussed in
the next subsection, is applied to aggregate the daily
p-value maps.

c¢. Why p values?

One may wonder why the proposed methodology
places so much emphasis on producing p values when,
ultimately, no hypothesis tests are performed at all.

There are three reasons for using p values to assess
sensitivity. First, p values have a special property that can
be used for a variety of purposes: they have a uniform
distribution under the null hypothesis (Montgomery
2009). In the present application, this important property
is employed to aggregate the 40 daily p-value maps into a
single map of p values.

This aggregation involves the temporal component of the
data, and because the 40 cases are selected to be 3 days
apart, one may assume that they are reasonably in-
dependent. Under the null hypothesis that the forecast at a
grid point is unaffected by any of the model parameters, the
40 p values at a given grid point ought to have a uniform
distribution. Then, any violation of uniformity suggests that
the parameter in question has an effect on the forecast at
that grid point. Here, a chi-squared and a Kolmogorov—
Smirnov test of uniformity have been performed, although
only the results of the former are shown; the latter produced
similar results. Again, the p values are displayed as a map.

The second reason for using p values is that although
statistical significance and the magnitude of an effect are
distinct concepts, the relationship between the magnitude
of p values and the magnitude of the regression coefficients
they test is monotonic. As such, a p value can be used not
only for assessing statistical significance, but also to convey
information about the magnitude of the sensitivity effect.

The proposed methodology has been developed
to avoid multiple hypothesis testing, but not to its exclu-
sion. The fact that the proposed methodology produces
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p values at each grid point readily allows for multiple
testing because all of the procedures developed for mul-
tiple hypothesis testing begin with a set of “‘raw” p values
(such as those in the p-value maps) and then correct them
for the multiplicity of tests (Benjamini and Hochberg
1995; Bretz et al. 2010; Dmitrienko et al. 2009; Rosenblatt
2013; Wilks 2011). It is this feature of multiple hypothesis
testing procedures that constitutes the third reason for
using p-value maps for displaying sensitivity. In other
words, p values are used here because they can be readily
corrected for multiple hypothesis testing; other measures
of sensitivity (e.g., the regression coefficients) do not have
this property.

However, the methodology developed here does not
include the necessary corrections for multiple hypothesis
testing because the corrections depend on the specification
of an error rate to be controlled, and the choice of that error
rate is highly user- or problem-dependent (Rosenblatt
2013). There exists a large number of error rates, similar to
the wide variety of verification measures, but two common
choices are the family-wise error rate, defined as the
probability of at least one type I error, and the false dis-
covery rate, which is the expected proportion of type I er-
rors among all the tests that leads to the rejection of the null
hypothesis. The ultimate decision to reject or not reject a
null hypothesis depends on the choice of the error rate. It is
worth mentioning that these corrections, too, utilize the
uniformity of p values under the null hypothesis.

3. Application

To set the stage for the sensitivity analysis, for each of the
four forecast quantities, Fig. 2 shows the average across
40 days (forecasts) and 99 parameter values (ensemble
members). It is evident that the southeast region, off the
coast of Florida, receives the most convective precipitation
across the domain (Fig. 2a). Grid-scale precipitation
(Fig. 2b) is far less structured, with a slightly higher am-
plitude off the eastern coast and across the Gulf states. The
Kain-Fritsch (KF) scheme (Kain and Fritsch 1993) is sen-
sitive to grid spacing, and it is expected that at this coarse
resolution (81km), the convective parameterization plays
an important role in producing precipitation (Gallus 1999).
Surface air temperature (Fig. 2c) displays the expected
gradient with respect to latitude and with cooler tempera-
tures over the Rockies and the Appalachian Mountains.
Water vapor near the surface (Fig. 2d) displays a similar
pattern to surface air temperature, with the exception that
the low-level dry air extends farther south, into Mexico.

a. Nonspatial sensitivity

To make contact with work done previously (Marzban
et al. 2014), first, the sensitivity of the domain mean of
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the forecast quantities is computed for each of the 11
model parameters. The data used for estimating these
regression coefficients are the 99 cases corresponding to
99 samples taken from the 11 model parameters, and so
there exists a regression coefficient for each model pa-
rameter and each of the 40 days in the dataset. Figure 3
shows these regression coefficients with the box plots
displaying their variability across the 40 days.

If a boxplot is entirely above or below the horizontal
line at y =0, then one may conclude that the corre-
sponding parameter has a consistent and significant ef-
fect on the forecast for all 40 days examined here. A
relatively small overlap of the boxplot with the hori-
zontal line implies that the parameter has a nontrivial
effect, but the effect is weaker. And if a boxplot is nearly
centered on the horizontal line, then one may conclude
that the corresponding parameter has no effect on the
forecast. Such plots are useful because they convey in-
formation about both statistical significance and the
magnitude of the effect via, respectively, the spread of
the boxplots and the overall location of the boxplots
relative to the horizontal line at y = 0.

It can be seen that parameters 1, 3, and 7 have
significant effects on both types of precipitation
(Figs. 3a,b), though their effect on grid-scale pre-
cipitation is opposite to that on convective precipitation.
Some explanation for this finding can be offered: pa-
rameter 3 controls the fraction of available precipitation
fed back from the convection parameterization to the
microphysics for grid-scale precipitation (Table 1). Al-
ternatively, it may be considered as cloud detrainment
primarily occurring at upper levels, where cloud ice
usually forms; the condensate is then passed to the grid-
scale microphysics. This connection represents the in-
teraction between the grid-scale-resolved clouds and
parameterized convection. When a large fraction of the
available precipitation is provided to the grid-scale mi-
crophysics, there is less chance for the model to generate
convective precipitation, and hence, a negative sensi-
tivity to this parameter is expected (Fig. 3a). On the
other hand, the grid-scale precipitation increases when
more moisture becomes available, consistent with its
positive sensitivity to parameter 3 (Fig. 3b). The effects
of parameters 1 and 7 [controlling the temperature in-
crement at the lifted condensation level (LCL) for the
Kain—Fritsch cumulus parameterization] may be ex-
plained as follows: adding positive air temperature
perturbations at the LCL may cause the air parcel to
become more buoyant, rising faster, which is conducive
to convective precipitation and is reflected in the
positive sensitivity in Fig. 3a. The negative sensitivity
of parameter 7 in Fig. 3b suggests that grid-scale
precipitation decreases with the positive temperature
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FIG. 2. The average (across 40 days and 99 parameter values) of (a) convective precipitation (mm), (b) grid-scale
precipitation (mm), (c) surface temperature (K), and (d) water vapor (kgkg™'). The white patches appearing in
(a),(b) correspond to grid points at which no precipitation occurs across the 40 days and the 99 model parameter
values. In the assignment of colors to precipitation values, a log-transformation has been applied in order to visually

enhance the spatial structure of the forecasts.

perturbation at the LCL. In short, for any given amount
of moisture available for precipitation, the cumulus and
microphysics schemes represent two competing pro-
cesses for precipitation production. As such, it is not
surprising that the microphysics would generate less
grid-sale precipitation as the cumulus scheme becomes
more active for producing convective precipitation with
the larger positive temperature perturbation at the LCL.

Another difference between Figs. 3a and 3b is in the
effect of parameter 9, which represents the threshold be-
yond which clouds are converted into rain in the micro-
physics scheme (Rutledge and Hobbs 1983); it has a
positive impact on grid-scale precipitation but no effect on
convective precipitation. One possible explanation is that
while the grid-scale precipitation production is delayed due
to the increased value of parameter 9, the clouds have more

time to develop, and the model actually produces more
grid-scale precipitation over the accumulation period.
Surface air temperature (Fig. 3c) is affected by many
of the parameters (to varying degrees, both positively
and negatively), with the exception of parameters 3, 6, 8,
10, and 11, which appear to have no consistent effect
across the 40 days. Interestingly, in regards to water
vapor (Fig. 3d), with the exception of parameter 5, all of
the parameters have either a negative effect or no sig-
nificant effect. This complex pattern of sensitivity in
temperature and moisture is a reflection of the various
processes that impact the surface atmospheric condi-
tions and the difficulties in representing them in the
physics parameterizations. The convective parameteri-
zation adjusts not only the moisture profiles, but also the
temperature profiles. Therefore, it is not surprising to
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FIG. 3. Sensitivity (on y axis) of the domain mean of (a) convective precipitation, (b) grid-scale precipita-
tion, (c) surface air temperature, and (d) water vapor, with respect to the 11 model parameters (on x axis) listed in
Table 1. The boxplots display the variability of the sensitivity across the 40 days examined here.

see that parameters 1, 2, and 7 have impacts on the
surface air temperature (Fig. 3c). Parameter 4 modu-
lates the depth of the layer impacted by the vertical
mixing processes. For the simulation period, an increase
in the vertical mixing length helps to mix heat downward
to the surface layer on average, although the impact
varies between cooling and heating of the surface layer
on particular days. On the other hand, the near-surface
water vapor is mixed upward, resulting in a dryer surface
layer (Fig. 3d), which is the case for all simulation days.
An outstanding feature in Fig. 3d is the high positive
sensitivity of water vapor to surface flux (parameter 5).
This feature is a strong indication that air moisture in the
surface layer is directly influenced by the surface latent
flux, which is consistent with the surface physics pro-
cesses in the model. Likewise, the surface sensible heat
flux impacts surface air temperature, indicated by its
strong sensitivity to parameter 5 (Fig. 3c).

Precipitation sensitivity analysis was studied using a
different (global) method by Marzban et al. (2014), and
their results are consistent with those above. This con-
sistency adds support to the results found here and also
justifies the use of the simpler (i.e., local or regression
based) approach employed here. The aforementioned
previous work did not examine the other forecast
quantities considered here. These nonspatial sensitivity
findings are important because they aid in organizing
and discussing the spatial results.

b. Spatial sensitivity

As shown in Fig. 1, one of the outputs of the proposed
methodology is a single map of p values that assesses the
extent to which any (i.e., at least one) of the model pa-
rameters affects the forecasts at any (i.e., at least one) of
the grid points in the MMR window. Figure 4 shows such a
map for the case where the forecasts are for convective
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precipitation. A dark grid point corresponds to a small
p value, that is, a sensitive grid point. By contrast, a white
grid point indicates the lack of evidence from data to
support the claim that any of the parameters have an effect
on any of the grid points in the MMR window. Clearly,
there is nontrivial spatial structure. The grid points in the
Southeast and off the eastern coast of the United States
appear to be most affected by at least one of the model
parameters. There are isolated regions in Mexico and in
the northwestern United States that also display sensitivity,
albeit to a lesser degree. As explained above, the main
utility of such a map is to determine whether or not there
exists any effect at all, and whether there is sufficient jus-
tification for assessing the contribution of each model pa-
rameter, separately. In this case, the existence of an
unambiguous spatial structure justifies the latter.

For forecasts of convective precipitation, the maps of
the p values for the 11 parameters are shown in Fig. 5.2
Recall that according to Fig. 3a, parameter 3 (control-
ling the amount of precipitation fed back to the resolved
grid) and parameter 7 (controlling temperature pertur-
bations at the LCL) have the most effect on the domain
mean of convective precipitation. From Fig. 5, it is evi-
dent that the effect is mostly in the southeastern regions
in the forecast domain, although parameter 3 has a
larger region of influence than parameter 7. Parameter
2, which also affects KF, has a similar spatial structure.
Parameter 5, a surface flux factor, is significant only in
the southeastern United States, mainly over the ocean,
where large moisture flux occurs across the air—sea in-
terface. The remaining parameters have little or no
discernible spatial structure consistent across the
40 days. One possible reason for this independence on
surface conditions is that the convective systems in-
cluded in the data are not strongly surface-driven during
the forecast period.

Also, note that the conclusion following from the
omnibus test (that at least one of the 11 parameters is

21t is important to point out that the grayscale colors are as-
signed to the p values appearing within each panel (i.e., for each
model parameter, separately); this color assignment enhances the
spatial structure in each panel and is therefore more appropriate
for the current study. If the color assignment were made to the
p values across all panels (i.e., across all model parameters), then
the resulting figures would display little to no information on the
spatial structure of the sensitivities. For example, with the alter-
native color assignment, only the panels corresponding to param-
eters 3 and 7 in Fig. 5 would display any spatial structure at all
because as seen from Fig. 3a, those two parameters dominate the
other model parameters. Said differently, the alternative color
scheme, like Fig. 3, would be more appropriate for ranking the
model parameters, while Fig. 5 is more conducive to an examina-
tion of spatial structure of sensitivities.
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FIG. 4. Sensitivity maps for convective precipitation. Black-
colored grid points correspond to small p values, thereby sug-
gesting that at least one of the model parameters has a significant
effect on at least one of the grid points in the MMR window. White
grid points (large p values) suggest that there is no evidence from
the data that any of the model parameters have an effect on any of
the grid points in the MMR window. The grayscale colors are as-
signed to the range of p values across all 11 model parameters.

responsible for the spatial structure seen in Fig. 4) is
consistent with the results in Fig. 5. Indeed, it appears
that most of the contribution to the spatial structure in
Fig. 4 is from parameter 3.

For grid-scale precipitation, the omnibus map of
p values shows an unambiguous spatial structure as well
(not shown), and the effect of the individual model pa-
rameters is shown in Fig. 6. The “best” parameters,
according to Fig. 3b, are parameters 1, 7, and 9, and
according to Fig. 6, they all have a comparable spatial
structure. In fact, with the exception of parameter 8,
which displays no spatial structure, all of the parameters
appear to affect the eastern regions of the forecast do-
main. This spatial structure may be because many of the
parameters (e.g., 1 and 7) are KF triggers. They affect
the tradeoff between grid-scale precipitation and con-
vective precipitation along the frontal zones, which oc-
cur primarily in the eastern to southeastern United
States. Parameters 9 (an autoconversion factor) and 10
(slope intercept for rain) are associated with rain pro-
duction by the microphysics scheme; it is interesting that
they are most influential in the northeastern United
States, where convective processes are not as active as
over Florida. Parameters 4 [planetary boundary layer
(PBL) mixing length factor] and 5 (surface flux factor)
have similar patterns of influence, with parameter 4
more significant in the northeast and parameter 5 more
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FIG. 5. As in Fig. 4, but for each of the 11 model parameters. Black-colored grid points correspond to small p values, thereby suggesting
that the corresponding model parameter has a significant effect on at least one of the grid points in the MMR window.

>There are two reasons why the blue/red color scheme is
adopted in Fig. 7 (and Fig. 8) instead of the black/white scheme
used in Figs. 5 and 6. First, the blue/red color scheme visually en-
hances the spatial structure. Second, this scheme is more appro-
priate for continuous fields, such as temperature and water vapor;
discrete fields like precipitation have geographic regions where no
precipitation may occur at all, to which it is natural to assign the
color white, indicating lack of sensitivity. For continuous fields,
there exists no geographic region where there exists no field value
at all, and so there is no need for a white color.

significant in the east, especially over the Atlantic. This
pattern may be an indication of preferred locations for
vertical mixing in the boundary layer.

With respect to surface air temperature, Fig. 7 shows
the spatial structure of all model parameters, where blue
(red) colors correspond to low (high) p values, that is,
high (low) sensitivity.> Although it is possible to use
Fig. 3c as a starting point for discussing Fig. 7, in which
case parameters 1,2, 4, 5, and 7 are the most important,
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FIG. 6. As in Fig. 5, but for grid-scale precipitation.

that is not necessary because the spatial structures in the
various panels in Fig. 7 are sufficiently different to allow
for a meaningful discussion independently of the relative
strength of the parameters.

Parameters 1, 2, and 7 are related to the KF cumulus
parameterization. The largest sensitivity to these pa-
rameters is over land, especially over Mexico and over
the southeastern United States, where there exists sig-
nificant convective activity on many of the 40 days ex-
amined here. It is interesting that parameter 7 shows a
distinct preference for land sensitivity, especially on the
entire length of the western coast.

Parameters 4 and 5 are important nearly everywhere
across the domain, with the exception of a small pocket of
the southern Gulf states. This pattern can be understood
by noting that parameters 4 and 5 are the PBL mixing
length factor and the surface flux factor, respectively, and
so they influence the heat transfer in the boundary layer
and across the air-sea/land surface, thus influencing the
surface air temperature. The greatest sensitivity to these
parameters is in the north and especially over water,
where the surface flux and the mixing cause more influence
between the sea surface temperature and the air
temperature.
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F1G. 7. As in Fig. 5, but for surface air temperature. To enhance visual acuity, a colored scale is used to display the p values. Blue (red)
grid points correspond to low (high) p values, that is, a significant (nonsignificant) effect. The colors are assigned to the range of p values

across all 11 model parameters.

Parameter 9 (an autoconversion factor for the mi-
crophysics) shows sensitivity over the southern Rockies
and Mexico. This finding is consistent with the expec-
tation that temperature over that mountainous region is
substantially influenced by thermodynamic processes in
the clouds, such as condensation heating/evaporation
cooling and cloud-radiation interaction.

Parameters 10 and 11 demonstrate a strong spatial
pattern of sensitivity in the north. These parameters
control size distribution of rain droplets and snow

particles, respectively. Over the northeastern United
States, physical processes associated with both rain and
snow have roughly equal contributions to temperature
changes near the surface. However, over the northwestern
United States, the snow processes play a dominant role
over the rain in modulating the surface air temperature.
The fact that parameters 1-7 all appear to have sensi-
tivity across nearly the entire domain can be attributed to
the various physics processes that can directly or indirectly
change surface air temperature. For example, evaporative
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cooling of the rain drops can lower the surface air tem-
perature. The radiative cooling at the cloud top can alter
boundary layer structure and result in locations of warming/
cooling of air temperature at the surface.

The patterns of spatial sensitivity for forecasts of
water vapor (Fig. 8) are similar to those of surface air
temperature. Essentially, the sensitivity of water vapor
on all parameters, with the exception of parameter 8,
appears to have nontrivial spatial structure. This de-
pendence on the model parameters is expected, as all the
parameters are related to the availability and conversion
of moisture. The only difference between the sensitivity
of water vapor and surface air temperature is in the ef-
fect of parameters 9-11, where the spatial extent of the
sensitive regions is smaller in the former (i.e., the blue
regions in Fig. 8 are generally smaller than those in
Fig. 7); however, this difference is sufficiently small that
it may not be significant.

It is worth emphasizing that parameter 8 (determining
the fraction of the clouds to be converted to rain) is not
significant for any of the four forecast fields examined, and
so it would be reasonable to conclude that it has little to no
effect on the spatial structure of forecasts. This lack of
sensitivity may be because the grid spacing (81 km) is too
coarse to properly resolve the autoconversion process.

4. Summary and discussion

The work reported here describes a proposed meth-
odology for analyzing the spatial structure of the sensi-
tivity of forecasts with respect to model parameters.
Although the specific ingredients of the approach are
not novel, their application to sensitivity analysis is. The
main ingredients are as follows.

(i) Use of Latin hypercube sampling to optimally
perturb the model parameters, all assumed to be
continuous; the case of discrete or categorical
parameters will be reported elsewhere.

(ii) Use of multivariate multiple regression to assess
the effect of multiple model parameters on several
grid points simultaneously.

(iii) Use of multivariate multiple regression to account
for spatial correlations.

(iv) Use of the map of p values to display the spatial
structure of sensitivities.

(v) Use of the uniformity of p values (under the null
hypothesis of no effect) to assess the statistical
significance of the sensitivities across time
(i.e., across 40 days).

Together, these steps lead to a geographic map of
p values that visually displays the spatial structure of
sensitivities for each model parameter.

MARZBAN ET AL.

979

When applied to the 11 model parameters listed in
Table 1, it is found that all of the parameters have sig-
nificant effects, but the spatial structure of the sensitiv-
ities varies with the forecast quantity. The one exception
is parameter 8 (an autoconversion factor for the mi-
crophysics), which appears to have no effect and no
spatial structure at all. The spatial patterns of sensitivity
are complex, but can be summarized as follows.

The spatial structure of sensitivities for convective
precipitation is most distinct for parameter 3 (fraction of
grid-scale precipitation in KF fed back to the grid scale),
where the sensitivity is strongest over the southeast of
the forecast domain, regardless of whether the forecast
is over land or over water. By contrast, the spatial
structure of sensitivities for grid-scale precipitation is
similar across all of the model parameters (except for
parameter 8), and they do show a land—water distinction.
Surface air temperature and water vapor have similar
spatial structures. Specifically, parameters 1, 2, 3, and 7
(all related to KF) have a strong effect on land but nearly
no effect over the oceans. Parameters 9-11 (all related to
microphysics) appear to have an influence in three
relatively small regions—in the southwest, northeast,
and north, respectively. It should be emphasized that
because of the coarse model resolution used in the
simulation, these sensitivity results (especially those
related to precipitation) must be viewed mostly as a
demonstration of the methodology developed here.

The spatial structure of sensitivities for grid-scale
precipitation (Fig. 5) strongly resembles its climatol-
ogy (Fig. 2). In other words, it appears that the most
sensitive grid points are where the most grid-scale pre-
cipitation occurs. First, it is important to emphasize that
in spite of this general pattern, the spatial structure of
sensitivities does appear to vary across the model pa-
rameters. Regardless, the authors have attempted to
explain this resemblance by performing a number of
different analyses. For example, given that here, sensi-
tivity is measured by regression coefficients, it is possible
that the resemblance is due to a mean-variance re-
lationship (Montgomery 2009). Briefly, this condition
refers to the situation when the mean of a response is a
function of the variance of the errors. When a mean-
variance relationship exists in data, not only are the basic
probabilistic assumptions of regression violated, but also
the variance of the regression coefficients will no longer
be constant. In the present application, a mean—variance
relationship would lead to a map of p values that reflects
nothing more than the spatial variability of grid-scale
precipitation itself, that is, the climatology. To test the
prevalence of a mean—variance relationship, the residual
plots were visually examined at each grid point. With the
exception of a few (2 to 10, depending on the day being
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FIG. 8. As in Fig. 7, but for water vapor.

modeled) grid points, no such relationship was noted.
And when appropriate data transformations were per-
formed to stabilize the variance, the resulting spatial
maps of p values was not affected at all. In short, the
similarity of the spatial structure of sensitivities and cli-
matology is not due to a mean—variance relationship. A
mean-variance relationship does exist when one exam-
ines the scatterplot of mean precipitation versus the
variance of precipitation across grid points, as that is a
direct consequence of the nearly lognormal distribution
of precipitation. However, the mean—variance relationship

that is being discussed in the body of the paper refers to the
mean and variance of the response across the cases (i.e., the
99 values of the model parameters). It is the latter that is
problematic in regression. The former relationship is not
problematic because here, no regression is performed
across the grid points.

In another attempt to understand the above re-
semblance, the regression models for sensitivity were
also developed with the response set to the anomalies
(i.e., forecast — climatology). But, again, the same map
of sensitivities was obtained. In summary, the spatial
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structure of sensitivity in grid-scale precipitation does
not appear to be a direct consequence of climatology.

All of the spatial patterns noted in this work deserve
some sort of an explanation based on the underlying
physics and/or the type of weather events included in the
dataset. Although some explanations have been offered,
more can be done. For example, it will be useful to
cluster the 40 days of data examined here into small
groups that are meteorologically homogeneous and re-
peat the above analysis on each group. Of course, that
exercise will lead to generally degraded levels of statis-
tical significance because of the smaller sample sizes in
each group; however, that limitation is not a concern
because it is the spatial structure of the p values that is
under examination, not the magnitude of the p values at
each grid point.

On a more technical side, the methodology itself can
be extended in several directions. For example, it will be
interesting to compare the MMR’s ability to account for
spatial correlations with that of alternative methods
(Douglas et al. 2000; Elmore et al. 2006; Wilks 1997).
Although comparisons between the various methods
have already been made by DelSole and Yang (2011),
such comparisons within the context of sensitivity
analysis have not been made.

It may also be important to account for temporal
correlations; although the 40 days examined here were
taken several days apart in order to minimize temporal
dependence, it may be useful to account for any
remaining correlation as well. The results are unlikely to
change the major conclusions reported here, but they
may reveal other spatial structures unseen here. Such
hidden spatial structures may also emerge if higher-
resolution forecasts are examined, but the results of such
an analysis can only reveal smaller-scale structures in
the spatial structures already established in this study.

Although all 11 model parameters are used simulta-
neously in the MMR model, here, the model does not
include any interaction terms. There are 55 (i.e., 11
choose 2) such terms, and so a full model with in-
teractions will have 66 (11 + 55) regression coefficients.
As such, the size of the Latin hypercube sample may
have to be increased beyond 99, and the generation of
those data will require more computational effort. To
tame the effort, one may introduce interactions only for
the parameters that have been found to have an effect
on forecasts based on the no-interaction model used
here. For example, given that parameter 8 has been
found to have generally no effect on any of the forecasts
examined here, it is reasonable to assume that it will
have little or no interaction with the other parameters
either. This assumption is generally borne out due to
several principles: the principle of hierarchical ordering,
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the principle of effect sparsity, and the principle of effect
hierarchy (Montgomery 2009, p. 192, 230, 272, 314, 329;
Li et al. 2006, 33-34). Alternatively, one may choose to
include only interactions that affect only the domain
mean of the forecast quantities; for mean convective
precipitation, all interactions are already analyzed in
Marzban et al. (2014).

In all methods that rely on a ““‘window”’ of some kind,
the window size usually requires some consideration.
Here, the MMR window has a fixed size (3 X 3), and that
size is selected by qualitative considerations; for exam-
ple, it is large enough to account for some spatial
structure and small enough to yield a map with a rea-
sonably large number of grid points. However, it is
possible to allow for the window size to vary across the
spatial domain, adaptively, with the size determined by
an estimate of the spatial correlation (e.g., via vario-
grams; see Cressie 1993).

It is worth pointing out that the role played by the
MMR window is more than simply smoothing the map
of p values. Although the very existence of an MMR
window does lead to smoother maps, that smoothing is
only a side effect. The main purpose of the MMR win-
dow is to account for spatial correlations in assessing
sensitivity. As mentioned above, failure to take such
correlations into account leads to wrong (biased) esti-
mates of sensitivity. Another way to highlight the effect
of the MMR window is to note that a generic smoother
would operate on the p values directly; by contrast, any
smoothing that may be occurring in MMR is based on
the correlations across grid points and between model
parameters.
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