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Abstract

Switchgrass (Panicum virgatum L.) is a perennial grass native to the United States that

has been studied as a sustainable source of biomass fuel. Although many field-scale

studies have examined the potential of this grass as a bioenergy crop, these studies have

not been integrated. In this study, we present an empirical model for switchgrass yield

and use this model to predict yield for the conterminous United States. We added

environmental covariates to assembled yield data from field trials based on geographic

location. We developed empirical models based on these data. The resulting empirical

models, which account for spatial autocorrelation in the field data, provide the ability to

estimate yield from factors associated with climate, soils, and management for both

lowland and upland varieties of switchgrass. Yields of both ecotypes showed quadratic

responses to temperature, increased with precipitation and minimum winter tempera-

ture, and decreased with stand age. Only the upland ecotype showed a positive response

to our index of soil wetness and only the lowland ecotype showed a positive response to

fertilizer. We view this empirical modeling effort, not as an alternative to mechanistic

plant-growth modeling, but rather as a first step in the process of functional validation

that will compare patterns produced by the models with those found in data. For the

upland variety, the correlation between measured yields and yields predicted by

empirical models was 0.62 for the training subset and 0.58 for the test subset. For the

lowland variety, the correlation was 0.46 for the training subset and 0.19 for the test

subset. Because considerable variation in yield remains unexplained, it will be important

in the future to characterize spatial and local sources of uncertainty associated with

empirical yield estimates.
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Introduction

Dedicated bioenergy crops are being promoted in the

United States and abroad as renewable alternative feed-

stocks to conventional petroleum energy supplies

(Lewandowski et al., 2003; Ragauskas et al., 2006).

Transportation fuels, like ethanol, derived from cellu-

losic plant biomass could benefit economic growth,

enhance energy security, reduce greenhouse gas emis-

sions and mitigate the potential impacts of global

climate change (Kheshgi et al., 2000; Smith et al., 2000).

Perennial bioenergy feedstocks, such as native

grasses and trees, are considered one of the most

sustainable sources of renewable transportation fuel

because they produce large amounts of biomass, require

limited input of water and nutrients, and minimize

ecological damage to soils and rivers (Sanderson et al.,

1996; McLaughlin & Walsh, 1998; Heaton et al., 2008).

Switchgrass (Panicum virgatum L.), a native warm-sea-

son grass found in grasslands of the eastern United

States (McLaughlin & Kszos, 2005), is one perennial

plant under intensive study as a possible bioenergy

feedstock. It is a widespread component of the native

North American tall grass prairie with a range of
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North Dakota and Wyoming, south to Florida, Nevada,

and Arizona, and into Mexico and Central America

(Hitchcock, 1971). Across this range, switchgrass popu-

lations exist either as upland or lowland ecotypes

that differ in habitat preference, morphology, and

productivity.

There is great interest in predicting biological, envir-

onmental, and geographic variation in yields for per-

ennial bioenergy crops (Heaton et al., 2004). Two types

of models can be used to predict yields: mechanistic

plant-growth models and empirical models based on

field data. For switchgrass, only plant-growth models

have historically been used. Various general purpose

plant-growth models, such as EPIC (Brown et al., 2000,

Thomson et al., 2009), ALMANAC (Kiniry et al., 1996,

2005), and SWAT (Nelson et al., 2006; Baskaran et al.,

2009), have been used to predict switchgrass. Grassini

et al. (2009) published a model specifically developed

for switchgrass. Predictions from these models have

been validated against field data collected from a lim-

ited geographic range under uniform management

conditions. Plant-growth models are extremely valu-

able, particularly for applications that require extrapo-

lating beyond climate conditions currently experienced

by switchgrass.

Empirical models also play an important role. One

extreme view advocates the exclusive use of empirical

models based directly on field measurements (Peters,

1980). In our view, empirical models, based on data

collected over a wide geographic area under diverse

management conditions, are needed to understand

what responses to environmental gradients mechanistic

models should be expected to reproduce. In the func-

tional validation approach developed by Jager et al.

(2000), discrepancies between empirical and mechan-

istic model responses are used to suggest future im-

provements in mechanistic models. Empirical models

are the starting point for a functional validation

approach.

The purpose of this study was to develop empirical

models to describe relationships between switchgrass

yield and environmental covariates. A second role was

to use the empirical models to predict switchgrass yield

for the conterminous United States. Our empirical

modeling efforts built on the wealth of field trials

reported in the open literature from site-specific variety

trials conducted across the United States over the past

two decades (Davis, 2007; Gunderson et al., 2008). In

this study, we described empirical responses of yield to

environmental covariates and management practices

and differences in responses of lowland and upland

varieties of switchgrass. In addition, we characterized

the residual unexplained variation in switchgrass yield.

These empirical models can now be used for functional

validation of mechanistic plant-growth models and as

input to other models that require yield predictions.

Our results are presented spatially for the eastern

United States and can be used to assess the implica-

tions of our findings for regional and national biomass

supply.

Materials and methods

Data

Published field studies of switchgrass yield were com-

piled from numerous literature sources (Davis, 2007;

Gunderson et al., 2008). Following Gunderson et al.

(2008), we excluded field studies growing a mixture of

ecotypes in order to estimate yields specific to switch-

grass ecotypes. Studies of harvest frequency have pro-

duced contradictory results (Sanderson et al. 1996;

Thomason et al., 2004; Fike et al., 2006), but they concur

that yields are lower when harvest frequency exceeds

three times per year. We excluded first-year harvests

because these are typically lower than those in subse-

quent years (Fike et al., 2006; Gunderson et al., 2008) and

include cases of failure during establishment. Similarly,

we excluded trials that experienced catastrophic fail-

ures, as indicated by yields o1 Mg ha�1 dry weight

(Gunderson et al., 2008). Studies included both those

that did and did not irrigate during establishment, as

yield was measured during later years.

For the lowland ecotype, field trials were available at

28 locations ranging in latitude from Texas to New

Jersey (Table 1). For the upland ecotype, data from more

field trials were available in northern locations (Mon-

treal, Canada, North, and South Dakota), and fewer

trials were available at southern locations (Louisiana,

Texas, and Oklahoma) (Table 1). Our approach to ob-

taining covariates was to rely on geospatial databases.

This was necessary because climate and soils informa-

tion were not consistently reported across studies. Cli-

mate variables used as predictors were obtained from

the nearest orographically corrected PRISM climate

gridpoint (Daly et al., 1994; Table 1). Soils data (depth

to bedrock and % sand) were obtained from the State

Soil Geographic Database (STATSGO, USDA Soil Con-

servation Service, 1992). For each field observation of

switchgrass yield, we determined location-specific

minimum winter temperature ( 1C) (Tmin), average tem-

perature ( 1C) for April–September of the year of harvest

(Tavg), total April–September precipitation (cm) during

the year of harvest (Ptot), total nitrogen fertilizer (kg

ha�1) applied (Ntot), an indicator variable set to one if

fertilizer was applied (IsFert) and zero otherwise, depth

to bedrock (Drock) in m, number of harvests per year

(HarvFreq), stand age (Age) in years, and an index of soil
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wetness (WetSoil) calculated as (100-% sand)�Ptot, Our

soil wetness index represents an interaction between

temporally variable precipitation and the percentage of

sand (constant for each location). Soils with a lower

percentage of sand have a higher water holding capa-

city, which has implications for yield even at the same

level of precipitation (Evers & Parsons, 2003, Parrish &

Fike, 2005).

Empirical models

We estimated average yield for each ecotype using

generalized logistic regression. We applied a logit trans-

form to average yield, LYield 5 log(Yield/Yieldmax)/

[1�log(Yield/Yieldmax)], to ensure that mapped values

would not exceed those represented in the data. The

maximum yield (Yieldmax) for the upland ecotype was

28 and 40 Mg ha�1 dry weight for the lowland ecotype.

The full model included both climatic and nonclimatic

covariates [Eqn (1)]. LYield is expressed as a linear

function of variables defined in ‘Data’, with coefficients

v1 to v11 and intercept, v0. The model for residual error,

å, indicates that it is assumed to be normally distributed

with variance–covariance matrix, C.

Fullmodel

LYield ¼ v0þv1 T þ v2T2þv3Tmin þ v4Pþ v5TPþ v6WetSoil

þv7Ageþ v8HarvFreqþ v9Ntot þ v10Drock þ v11IsFertþ eði; jÞ

e � Nð0;CÞ; where cij¼
rþ r; i ¼ j

r; LðiÞ ¼ LðjÞ
0; LðiÞLðjÞ

8><
>:

;

for LðiÞ; the location of field trial i:

Because several of the field trials provided multiple

estimates of switchgrass yield at a given location, it was

important to account for within-location correlation.

Our model assumes independence between locations

but nonzero correlations within yield measurements

taken at the same location, i. This error structure is

described by a compound symmetric variance–covar-

iance model, which has block-diagonal variance–covar-

iance matrix C of the errors, å [Eqns (2) and (3)]. Within-

location correlation, ñ, is estimated for nonzero blocks.

Data limitations prevented us from estimating location-

specific fixed effects.

e � N 0;Cf g; C ¼

C1 0 � � � 0
0 C2 � � � 0

..

. ..
. . .

. ..
.

0 0 � � � Cn

0
BBB@

1
CCCA;

for location l ¼ 1; n;

ð2Þ

Cl ¼

rþ r r r � � � r
r rþ r r � � � r
r r rþ r � � � r
..
. ..

. ..
. . .

. ..
.

r r r � � � rþ r

0
BBBBB@

1
CCCCCA

ðdiagonal block for location lÞ:

ð3Þ

We first fitted a full model including all predictors

using the ‘nlme’ package in R (Pinheiro & Bates, 2000).

We then fitted reduced models (models with fewer

predictor variables) for upland and lowland varieties

to be used in mapping. For each ecotype, we selected a

reduced model to include only those predictors that

were significant at / 5 0.1.

Model selection

We divided our data into two parts: a subset for para-

meter estimation and a test subset for evaluating good-

ness-of-fit. Because we wished to consider correlations

among measurements from the same location, we stra-

tified the sample by ecotype and location. We selected

two measurements for the test subset at random from

each stratum, except in cases where only one was

available. We used the estimation subset of data to

estimate parameters. We then assessed goodness-of-fit

of each model by fitting each to the test dataset, which

represents approximately 10% of the total data avail-

able. Predicted yields were obtained for the test subset

by back-transforming logit-transformed estimates

based on reduced models in Table 2. The training (test)

subset of data in the reduced models included 600 (48)

lowland and 459 (55) upland observations.

We evaluated alternative models using both good-

ness-of-fit and information-theoretic. We reported two

goodness-of-fit criteria: residual standard error and

Pearson’s correlations between predicted and observed

yields for both the training and test data subsets. We

also reported Akaike’s information criterion (AIC). A

model with a lower AIC should be preferred over

alternative models with higher AIC, even if its good-

ness-of-fit is poorer. This is because AIC penalizes for

over fitting to a particular dataset by including exces-

sive number of predictors and favors models more

likely to perform well with new datasets (Burnham &

Anderson, 2002).

Residual analysis

For each model, we examined the distribution of resi-

duals to determine whether the mean was significantly

different from zero. We also regressed the predicted
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values against observed and compared these visually

for each switchgrass ecotype.

Mapping analysis

The purpose of our mapping analysis was to use the

empirical model developed (i.e., reduced models) to

estimate potential switchgrass yields in geographic

locations where no data were collected, without extra-

polating beyond the range of climate values repre-

sented. This is not meant to imply that the current

crop- or land-cover would in actuality be supplanted

by switchgrass, but rather indicates expected yields,

according to the empirical models, based on climate

and soils. We will refer to these models as ‘mapping

versions’. Our data included field trials conducted at

winter temperatures between�17 and 8 1C, mean grow-

ing season temperatures between 13.8 and 27 1C, and

4310 mm total growing season precipitation. In the

mapping analysis, we masked out regions of the United

States with more extreme values. For management

variables, which are not intrinsically spatial, we as-

sumed fixed values. For the lowland ecotype model,

which included Ntot, we assumed switchgrass would be

fertilized with 80 kg N ha�1. For both ecotypes, we used

a stand age of 4 years. Fike et al. (2006) found that

upland varieties produce higher yields with two har-

vests than with one. We therefore set harvest frequency

in a way that is optimal for each ecotype: one harvest

per year for lowland and two harvests per year for

upland varieties.

Results

The full and reduced models explained a significant

amount of the variability in switchgrass yield for both

the upland and lowland varieties. Yield showed the

expected uni-modal response to average growing sea-

son temperature, with a significant positive coefficient

for Tavg and a negative coefficient for the quadratic

temperature term to lower yields at high temperatures

(positive v1 and negative v2 in Table 2). Both ecotypes

showed a positive response to minimum winter tem-

perature. Both ecotypes showed a positive response to

precipitation and both had a significant negative inter-

action between precipitation and temperature (v4 and v5

in Table 2). Lowland varieties showed stronger re-

sponses to average temperature than upland varieties.

Table 2 Parameter estimates including coefficients and two parameters describing compound symmetry in residual error for the

full models on the left

Parameter
Full generalized least square models Reduced parameter models

Upland Lowland Upland Lowland

Estimate P-value Estimate P-value Estimate P-value Estimate P-value

v0 Intercept �5.5235 0.0560 �23.7305 0.0001 �7.4184 0.0045 �23.2001 0.0002

v1 Tavg 0.4647 0.0855 1.9827 o0.0001 0.5906 0.0152 1.9960 o0.0001

v2 Tavg
2 �0.0107 0.0906 �0.0435 o0.0001 �0.0136 0.0173 �0.0437 o0.0001

v3 Tmin 0.0626 0.0007 0.0617 0.0485 0.0660 0.0006 0.0519 0.0863

v4 Ptot 0.0625 0.0001 0.1021 0.0031 0.0653 0.0000 0.1102 0.0013

v5 Tavg�Ptot �0.00336 0.0007 �0.0045 0.0015 �0.0035 0.0000 �0.0047 0.0011

v6 WetSoil 0.00019 0.0061 0.00007 0.2634 0.0002 0.0044

v7 Age �0.0655 0.0191 �0.0642 0.0009 �0.0504 0.0019 �0.0616 0.0012

v8 HarvFreq 0.4634 o0.0001 �0.0650 0.1150 0.4400 o0.0001 �0.0698 0.0897

v9 Ntot 0.0007 0.7194 0.0006 0.0003 0.0007 o0.0001

v10 Drock �0.0003 0.9492 0.0044 0.4207

v11 IsFert �0.6199 0.4194 0.1758 0.1952

r MSE 0.7556 0.7931 0.6975 0.7971

ñ Location 0.5787 0.3963 0.4843 0.4026

Total df 451 585 458 599

Residual df 439 573 448 576

AIC 822.4 1261.8 823.1 1230.8

Estimates for the reduced models used in predicting potential switchgrass yields are shown on the right. Predictors are location-

specific average temperature (Tavg) for April–September in the year of harvest, minimum (Tmin) winter temperature ( 1C), total

April–September precipitation (cm) during the year of harvest (Ptot), an index of soil wetness (WetSoil), total nitrogen fertilizer (kg/

ha) applied (Ntot), an indicator variable for fertilizer application (IsFert), depth (m) to bedrock (Drock), number of harvests per year

(HarvFreq), and stand age (Age) in years.
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We considered two soil-related variables (v6 and v10

in Table 2). Yield showed a significant positive response

to our soil moisture index (WetSoil) for the upland, but

not the lowland, variety. Depth to bedrock (Drock) was

not a significant predictor of yield for either ecotype,

and was excluded from the reduced models.

The full models included four management-related

variables: stand age, number of harvests per year, an

indicator variable for fertilization, and total nitrogen. Of

these, only the lowland ecotype showed a positive

response to total nitrogen. The remaining predictors

were not significant and were excluded from the re-

duced models (Table 2).

Correlations between yields from field trials in the

same location, c, were significantly greater than zero in

the final, reduced models (Table 2). Note that the

number of observations increased slightly (total degrees

of freedom 1 1 in Table 2) in the reduced models

because observations that had missing values for pre-

dictors were removed could be used in the analysis.

Model selection

All Pearson’s correlations between predicted and ob-

served values (back-transformed to Mg ha�1) were

highly significant. For the upland variety, the correla-

tion was 0.6190 (95% CI 5 [0.5591, 0.6725], df 5 456,

Po0.0001) for the training subset and 0.5795 (95% CI 5

[0.3690, 0.7335], df 5 52, Po0.0001) for the test subset.

For the lowland variety, the correlation between pre-

dicted and observed yield was 0.4596 (95% CI 5 [0.3932,

0.5213], df 5 583, Po0.0001) for the training subset and

0.1851 (95% CI 5 [�0.1111, 0.4511], df 5 44, P 5 0.22) for

the test subset. Correlations are usually lower for the

test subset than for the data used to develop the model.

Residual analysis

The median difference between measured and pre-

dicted switchgrass yield was 0.081 Mg ha�1 (range

�2.9758 to 3.734 Mg ha�1) for lowland and 0.0718 Mg

ha�1 (range �2.941 to 3.678 Mg ha�1) for upland vari-

eties. For the upland variety, the reduced model pro-

duced a mean residual standard error of 0.6975, with

standardized residuals between �2.98 and 3.73 SD and

an interquartile range of (�0.56 to 0.71). For the lowland

variety, the reduced model had a mean residual stan-

dard error of 0.7971, with standardized residuals be-

tween �2.74 and 5.48 SD and an interquartile range of

(�0.59 to 0.55). Lowland values with magnitudes great-

er than three were evaluated as potential outliers.

A simple least-squares regression showed significant

positive relationships between measured and predicted

switchgrass yields (Fig. 1), although a great deal of

scatter remained. The largest deviations were predic-

tions of the highest lowland yields, which were under-

predicted by the reduced model (Fig. 1a). We had no

other reason to remove these observations as putative

outliers.

Mapping analysis

The mapping version of the reduced models above

showed the expected gradient of higher yields in the

eastern United States and lower yields in the western

United States (Fig. 2a). Note that we excluded grey

areas from prediction because the predictors fell outside

the observed range in Fig. 2. The highest predicted

lowland yields were centered on the three-state junction

of Tennessee, North Carolina, and Georgia, with lower

predictions moving outward from this junction (Fig.

2a). High yields were also predicted throughout the

states of Illinois, Kentucky, and Virginia. Low yields

were predicted in the far west, the Gulf coast, and at

higher latitudes of New York and Michigan (Fig. 2a).

Interestingly, moderately high yields were predicted in

Fig. 1 Relationships between yields predicted by the reduced

models and measured yield for the (a) lowland and (b) upland

ecotypes of switchgrass.
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some isolated pockets of the Sierra-Nevada Mountains,

areas outside the natural range for switchgrass (Fig. 2a).

Maps of estimates represent potential yield on lands

available for planting switchgrass and do not suggest

that switchgrass will replace existing land cover.

Predicted upland yields were generally lower than

lowland yields. Upland yields were higher than low-

land yields in many areas of the western United States

and at high latitudes, including northern Michigan,

Wisconsin, and Maine (Fig. 2b). The highest upland

yields were centered near the three-state junction of

West Virginia, Kentucky, and Ohio (Fig. 2b).

Discussion

The generalized logistic model presented here provides

a means of estimating switchgrass yields in different

locations based on local climate, soil conditions and

management choices. In this study, we found that yields

in field trials of the lowland ecotype were generally

higher than yields of the upland ecotype. Both ecotypes

showed a quadratic response to average temperature.

The lowland ecotype showed a more-significant posi-

tive response to minimum winter temperature. This is

expected since this ecotype does not do as well at high

latitudes (Casler et al., 2004). Precipitation was strongly

correlated with yields of both ecotypes. Lee & Boe

(2005) noted a strong precipitation response for upland

varieties in North Dakota. Only the upland ecotype

showed a significant response to our soil moisture index

(Table 2). It has been suggested that replacing SSURGO-

derived or locally measured soil water holding capacity

for % sand in our soil wetness might improve the skill

of this predictor.

Despite removing data for field trials during the first

year of establishment, we found a negative response to

stand age that was significant for both ecotypes, sug-

gesting a decline in yield with age after several years of

harvest, as noted by Lee & Boe (2005) for upland

varieties. Fertilizer application had a positive effect on

lowland, but not upland, yield. Other studies have also

shown a positive effect of nitrogen for upland (Mada-

kadze et al., 1999) and lowland varieties (Sanderson &

Reed, 2000), but with diminishing returns. Sanderson &

Reed (2000) reported that fertilizer was not beneficial

during the establishment year. Bedrock depth was not

identified as an important predictor of yield, perhaps

because few field trials were conducted in shallow soils.

Spatial patterns predicted by the mapping versions of

the empirical models seem to deviate most from ex-

pectations on the western and northern margins of the

natural range for switchgrass. This highlights how

important it is to collect field data from sites with

marginal conditions, which provide more information

than data from sites with ideal conditions for use in

both empirical and process yield models. In drier

western areas, predictions for lowland yield based on

the empirical model appear higher than expected. For

example, our results indicate lowland yields of 10–

15 Mg ha�1 in the Big Bend region along the United

States–Mexico border in western Texas. According to

Sanderson et al. (1999b), the high-yielding lowland

‘Alamo’ variety would likely not perform well in wes-

tern Texas where annual rainfall is o50 cm. Likewise,

predicted yields of 5–10 Mg ha�1 in the semi-arid range-

lands of SD, WY, and CO are higher than expected.

Baskaran et al. (2009) found the largest deviations

between SWAT-model predictions for Alamo switch-

grass and those of the lowland mapping model in the

southwest and between the latitudes of 411 and 431 and

east of the Dakota’s. Additional trials in these western

areas are needed to better define productivity in more

Fig. 2 Maps of predicted potential switchgrass yield for (a)

lowland and (b) upland ecotypes using the mapping versions

of the reduced empirical models. Areas with climate outside the

range represented by field trials were excluded.
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arid environments. Although this study made a special

effort to identify and include sites as far north as

Montreal, Canada in order to better represent yields at

high latitudes, trials in more northern locations are

needed to better define yields for lowland and for

upland varieties at higher latitudes (Casler et al.,

2004). In these areas, where it is necessary to extrapolate

to new conditions, estimating yields using process-

based models is probably a better alternative.

Previous studies have used mechanistic plant-growth

models to predict switchgrass yield. Kiniry (1996) was

able to explain 76% of variation in yield at five sites in

one state (Texas) using the ALMANAC model. How-

ever, in a later comparison, Kiniry et al. (2005) was able

to explain only 47% of variation among five locations in

the south. ALMANAC performed well in explaining

variation among locations, but not as well in explaining

year-to-year variation within yield. We also found that

temporal variation within-location were the most diffi-

cult to predict. This suggests to us that attributes shared

by trials at the same location, such as soils properties,

are unlikely to improve predictions. Grassini et al.

(2009) also developed a plant-growth model for switch-

grass and compared predictions for 10 years at six sites

both in the far northern and southern range of the

Midwestern United States. Aboveground biomass pre-

dictions were within 15% of reported values. The EPIC

model was used by Thomson et al. (2009) to simulate

switchgrass yields over a larger region (for the conter-

minous United States). Spatially, their predictions

showed some similarities with results presented here,

with both predicting low values in the west. But the two

studies also showed some differences in geographic

patterns. EPIC predicted high yields in Florida, along

the Gulf coast of Texas and Louisiana and the coast of

North Carolina. Our empirical model predicted lower

yields in these areas. Calibration was conducted for

seven locations in the southeast and overall validation

statistics were not reported. We caution that comparing

R2 values obtained by comparing observed and pre-

dicted values from different plant-growth models or

from empirical models is a questionable practice, due to

differences in the numbers of parameters involved.

Generally speaking, it would be best to report such

statistics for new ‘test’ data (locations, years) not used in

calibration.

In our view, the most important contribution of the

empirical relationships identified here is to serve as a

basis for evaluating and improving mechanistic plant-

growth models for switchgrass. Understanding where

relationships between mechanistic models and their

drivers fail to reproduce those observed in nature is a

more constructive approach to validation than simply

comparing the values themselves (Jager et al., 2000).

Baskaran et al. (2009) compared SWAT-predicted yields

for Alamo switchgrass, a lowland variety, with those

predicted by mapping version of the lowland empirical

model. A regression between SWAT-predicted and em-

pirical model yields gave an R2 of 0.51. However, on

average, lowland yields predicted by the empirical

model (Fig. 2a) tended to be higher than those of the

SWAT model. As discussed earlier, the empirical model

for the lowland ecotype predicts much higher yields on

the southwestern and northern margins.

We have several suggestions for future data collection

to facilitate regional assessments. First, seasonal timing

of harvest has a well-known effect on yield. It would be

useful if future studies could report local measurements

of temperature and rainfall. Reporting yields by year,

instead of reporting averages across multiple years,

would also increase the usefulness of data reported in

the literature by allowing matching to the relevant local

conditions. Reporting relevant local soil attributes, such

as water holding capacity, depth to bedrock, slope, and

elevation would be useful. Reporting precise field loca-

tions is important as it can improve associations of

yields with available geospatial data. It would be help-

ful to include future trials from a much wider range of

locations and conditions. For example, yield data are

needed for sites farther west, at higher elevations and

slopes, shallower soils, and under less-than-ideal con-

ditions for growth.

The empirical estimates provided by this study can be

used to facilitate functional validation of plant-growth

models. Results from the best-available yield models,

whether empirical or mechanistic, are needed as input

to other regional models used in bioenergy assessments.

For example, economic models that estimate changes in

land use require estimates of the relative profitability of

growing switchgrass instead of other crops. Best-avail-

able regional yield estimates are also needed by models

to identify optimal locations for siting biorefineries (e.g.,

Graham et al., 2000).

In future, we hope to have the opportunity to quanti-

fy the uncertainty associated with our model predic-

tions. Because the uncertainty varies spatially,

quantifying spatial uncertainties associated with yield

estimates is important to any decision-making process

that relies on the models presented here. Estimation of

prediction errors for generalized least squares models

are not provided as part of existing statistical software

such as Rs nlme package (Pinheiro & Bates, 2000) or

SASr Proc Mixed (Littell et al., 1996), but can be accom-

plished by resampling of the residuals. In situations

such as this, where a fair amount of unexplained

variance in yields remains, presenting visual maps of

spatial uncertainty along with predictions is especially

important.
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