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Abstract
Optimal management of the perennial bioenergy crops, miscanthus and switch-
grass, requires an understanding of their responsiveness to nitrogen (N) fertilizer 
at different maturity stages across locations and growing conditions. Earlier stud-
ies that have examined the yield response of these crops to N and stand age using 
field experiments or meta- analysis techniques provide mixed evidence. We extend 
earlier studies by applying a multi- level mixed- effects (MLME) meta- regression 
model to conduct a more extensive multivariate regression of yield response of 
these crops to N and stand age, while controlling for climate and location condi-
tions and unobserved factors related to study design. Our findings are based on 
1403 and 2811 yield observations for miscanthus and switchgrass, respectively, 
from experiments conducted between 2002 and 2019 across the rainfed region 
in the United States. We find statistically significant evidence that an additional 
year of maturity increases miscanthus and switchgrass yields but at a decreasing 
rate; yields peak at the 7th and 6th year respectively, for the observed range of ap-
plied N rates and stands. We also find that an increase in N application increases 
yield by a statistically significant level, but at a declining rate; the magnitude of 
the yield response to N is, however, small and varies with the age of the crop. The 
impact of N is larger on older compared to younger and middle- aged stands of 
miscanthus. In contrast, the impact of N on switchgrass is larger on middle- aged 
compared to younger and older stands of switchgrass. We do not find a statisti-
cally significant effect of soil productivity on yield for either crop. This analysis 
provides a basis for developing N application recommendations and optimal rota-
tion age for miscanthus and switchgrass and shows that these energy crops can 
grow just as productively on low productivity land as on high productivity land.
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1  |  INTRODUCTION

Miscanthus and switchgrass are appealing feedstocks for 
biofuel production because, they are high yielding, can be 
grown productively in marginal growing conditions, have 
lower fertilization requirements, and have higher nitro-
gen (N) use efficiency compared to row crops (Christian 
et al., 2008; Fewell et al., 2016; Heaton et al., 2004; Jiang 
et al., 2018; Lewandowski et al., 2000; Stoof et al., 2015). 
There are also multiple environmental benefits of cultivat-
ing these crops including increased soil carbon, reduced 
nitrous oxide (N2O) emissions, and reduced nitrate (NO3) 
leaching compared to row crops (Chamberlain & Miller, 
2012; Davis et al., 2012; Hanssen et al., 2020; Hudiburg 
et al., 2015). These are perennial crops that have been 
shown to grow productively in rainfed conditions in the 
United States (US), but are yet to be grown at a commer-
cial scale (Heaton et al., 2010; Lee et al., 2014; Parrish & 
Fike, 2005; Pyter et al., 2009). Though there is a large and 
growing experimental literature examining how these 
crops respond to various agronomic management prac-
tices, generalizable knowledge about the performance of 
these crops is still limited. Specifically, there is limited ev-
idence on how these crops respond to N fertilization and 
whether this response varies linearly or not. There is also 
varying evidence of the effects of crop age on their produc-
tivity over time and its implications for their productive 
lifespan. More importantly, there is inconclusive evidence 
on whether yield declines with stand age because of de-
pletion of soil nutrients and if N fertilization can replenish 
soil fertility and increase yields. Furthermore, systematic 
knowledge of the productivity response of these crops to 
differing locations, soil types, and climatic conditions is 
still lacking. As a result, it is challenging to develop any 
generalizable agronomic recommendations for managing 
these crops for optimal performance.

The purpose of this research is to quantify the respon-
siveness of yield to N and stand age and analyze the extent to 
which higher N can offset the effects of age. We also exam-
ine non- linearity in yield response to N and stand age while 
accounting for their interaction effect. We estimate a pro-
duction relationship by applying a multi- level mixed- effects 
(MLME) meta- regression model. Our analysis controls for 
study and location- specific variation including differences 
in these across harvest years. Our meta- analytic approach 
also controls for cross- sectional (between locations) and 
temporal (between harvest years) dependencies among re-
peated observations from the same study. We undertake this 
analysis using data from field experiments conducted be-
tween 2002 and 2019 in the rainfed region of the US. These 
data include 1403 observations of miscanthus yield ob-
tained from 27 locations in 14 states and 2811 observations 
of switchgrass yield obtained from 23 locations in 15 states.

Several studies have pooled data from multiple experi-
ments to conduct a meta- analysis to examine the response 
of yield to N, while controlling for differences in stand 
age and diverse climatic conditions (Chen et al., 2019; 
Gunderson et al., 2008; Heaton et al., 2004; Jager et al., 
2010; LeBauer et al., 2018; Miguez et al., 2008; Wang et al., 
2010; Wullschleger et al., 2010). Some of these studies 
estimate a univariate response of yield to N fertilization 
(Chen et al., 2019; Gunderson et al., 2008), while others 
estimate multivariate functions that control for climate 
and other factors (Heaton et al., 2004; Jager et al., 2010; 
LeBauer et al., 2018; Miguez et al., 2008; Wang et al., 2010; 
Wullschleger et al., 2010). Many of these studies focus on 
estimating the directionality of the impact of N on crop 
yield, but not the magnitude of the impact or how it var-
ies with stand age and changes in growing conditions 
(Heaton et al., 2004; Miguez et al., 2008; Wang et al., 2010). 
For example, Heaton et al. (2004) conducted a quantitative 
review of 21 articles representing 174 yield observations of 
3 years and older miscanthus and switchgrass stands and 
reported a significant positive response to N. However, 
they use a mixed model analysis of variance (ANOVA) ap-
proach and did not control for other factors that can influ-
ence yield. Using an identical approach, Wang et al. (2010) 
report a significant positive response of N on switchgrass 
yield for monocultures compared to mixtures.

A few studies have examined the responsiveness of 
yield to N using meta- analysis, but do not control for 
stand age and various site- specific and study- specific fac-
tors (Chen et al., 2019; Gunderson et al., 2008; Jager et al., 
2010; LeBauer et al., 2018; Wullschleger et al., 2010). For 
example, LeBauer et al. (2018) present a meta- analysis to 
estimate the effects of N, stand age, temperature, and pre-
cipitation on yields following Heaton et al. (2004) while 
including location and year within the location as random 
effects, following Wang et al. (2010). With a dataset of 
over 966 yield observations across 52 locations, their study 
confirms a positive response of yield to N for both crops. 
Similarly, Chen et al. (2019) constructed a dataset includ-
ing 50 field studies across 65 locations, representing 919 
observations with N rates ranging from 0 to 896 kg ha−1 up 
to 17 harvest years. Using linear and non- linear univariate 
regressions, they identify significant positive N effects on 
yields of both crops, which show a declining trend with 
the number of fertilization years. Their analysis shows 
the positive N effects on miscanthus yield increase with 
annual N rates of 60 to 300 kg ha−1 whereas switchgrass 
yield increases and peaks at N rates of 120 to 160 kg ha−1 
for 5 to 6 fertilization years, but decreases for rates more 
than 300 kg ha−1 and beyond 7 fertilization years. These 
studies provide mixed evidence on the yield response of 
both energy crops to N— with some finding a statistically 
significant positive yield response (Heaton et al., 2004; 
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LeBauer et al., 2018) and others finding a declining yield 
response after attaining peak yields (e.g., Chen et al., 2019). 
Specifically, LeBauer et al. (2018) find that a 1 kg ha−1 in-
crease in N increases miscanthus and switchgrass yields 
by 0.028 and 0.013 Mg ha−1, respectively. Investigating the 
impact of maturity using similar univariate analysis, Jager 
et al. (2010) report a decline in switchgrass yield after sev-
eral years of harvest whereas LeBauer et al. (2018) report 
a linear decline in miscanthus and switchgrass yields fol-
lowing the third year of establishment, i.e., statistically 
significant reductions of 1.4 and 1.2  Mg  ha−1 in mis-
canthus and switchgrass yields, respectively, for a 1- year 
increase in stand age. To investigate yield response to N 
and age interaction, Wang et al. (2010) report a significant 
positive response of N on switchgrass yield which is con-
stant for newly established and matured stands but do not 
provide the magnitude of yield responsiveness. Although 
most of these studies examine directionality and/or mag-
nitude of yield responsiveness to N and/or stand age, they 
do not account for possible non- linear effects including 
their interactions and do not control for site- specific and 
study- specific factors. Our study extends previous studies 
by estimating the magnitude of yield responsiveness to N 
and stand age including their non- linearities taking into 
account interaction effects while controlling for climate 
and location conditions and unobserved factors related to 
study design.

Beyond N fertilization and stand age, existing meta- 
analyses have examined the influence of environmen-
tal conditions on miscanthus and switchgrass yields. 
Although we expect all biological organisms to respond to 
temperature, previous studies conducting meta- analysis 
obtain mixed findings of this relationship. This could be 
due to differences in their construction of the variable 
that captures variation in the temperature as well as the 
other climate variables they include as additional controls 
and the extent of collinearity among these variables. For 
example, some studies have used mean seasonal tem-
perature while others use mean annual temperature or 
seasonal GDD for capturing the impact of temperature 
on yields. Investigating the impacts of climatic factors, 
Heaton et al. (2004) show that miscanthus yield is strongly 
influenced by growing season precipitation, but not tem-
perature (measured as growing degree days, GDD); Chen 
et al. (2019) do not find any significant relationship be-
tween mean annual temperature and miscanthus yield, 
but a significant positive impact of annual precipitation 
in their linear model. In contrast, LeBauer et al. (2018) 
report positive yield response to growing season precip-
itation and GDD immediately preceding harvest with 
miscanthus being more responsive to temperature than 
switchgrass. Studies have reported increased switchgrass 
yield with increased temperature to a point followed by a 

decrease whereas increased yield with increased growing 
season precipitation up to around 600 mm, which stabi-
lizes thereafter (e.g., Gunderson et al., 2008; Wullschleger 
et al., 2010). Jager et al. (2010) also report the quadratic 
response of switchgrass yield to temperature along with 
positive yield response to increased precipitation and 
minimum winter temperature. Wang et al. (2010) report a 
significant positive response of switchgrass yield to precip-
itation, while GDD has no significant effect on the yield. 
In contrast, Chen et al. (2019) report a positive response 
of switchgrass yield to mean annual temperature but no 
significant relationship with annual precipitation. Like N 
and stand age, there is mixed evidence of the influence 
of climatic factors on miscanthus and switchgrass yields.

We consider the possibility of non- linearity in produc-
tivity response of miscanthus and switchgrass yields to N 
and stand age by including quadratic and interaction ef-
fects. However, generalizing yield responsiveness to N and 
stand age based on pooled data from multiple experiments 
requires caution because of differences in location and cli-
matic features including variabilities due to experimental 
designs. We hypothesize that the inclusion of appropri-
ate controls for location and climatic features as well as 
potential site- year- specific and study- year- specific unob-
served variabilities will lead to more reliable estimates of 
yield responsiveness to N stand age. Our study goes be-
yond previous studies that have typically relied upon the 
mixed model ANOVA method to estimate the direction of 
yield response but do not estimate yield responsiveness to 
management and climate variables (Heaton et al., 2004; 
Wang et al., 2010). More importantly, our study improves 
upon those studies that estimate the magnitude of yield 
responsiveness to N and stand age, but do not account 
for their possible non- linear effects including N and age 
interactions or control for climatic variables and site- 
specific features (Chen et al., 2019; Gunderson et al., 2008; 
Jager et al., 2010; LeBauer et al., 2018; Miguez et al., 2008; 
Wullschleger et al., 2010). We also add climatic factors as 
controls and investigate their linear and non- linear im-
pacts on miscanthus and switchgrass yields.

2  |  EMPIRICAL STRATEGY

The empirical analysis presented in this study examines 
the role of crop- specific factors, such as the age of the plant 
and genetics, environmental conditions, and management 
practices on the yield of miscanthus and switchgrass and 
allows for non- linear responses to these variables. We de-
velop a generalized meta- regression model with yield as 
the dependent variable, and N and age as key explanatory 
variables including their quadratic terms, N  ×  age and 
N × soil productivity interactions. We include temperature 
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and precipitation including their quadratic terms and soil 
productivity as control variables. Our inclusion of soil pro-
ductivity and N × soil productivity interaction is based on 
the experimental literature, which shows that the yield im-
pact of N depends on the establishment of soil conditions 
(Tejera et al., 2019; Thomason et al., 2005; Zumpf et al., 
2019). Since switchgrass has many cultivars and their yields 
differ considerably, we include genetic variability as the 
additional control variable. We include broadly classified 
regions (Great Plains, Midwest, Northeast, and Southeast) 
for controlling spatial variability in miscanthus yield at the 
regional level. Furthermore, we expect that there are unob-
served factors pertaining to the design of the experiment, 
site location (latitude- longitude of the experimental site) 
and its management, and the conduct of the experimental 
work, which affect the yield. Since this information is not 
available, we use an empirical approach to control for this 
unobserved heterogeneity.

Our approach distinguishes between a deterministic 
effect related to the observed variables in the study and 
a random effect that is associated with the unobserved 
factors that could affect yield. We empirically estimate 
both the response and magnitude of responsiveness of 
miscanthus and switchgrass yields to N fertilization 
and stand age including possible non- linearities, while 
controlling for (i) growing season temperature (GDD) 
and precipitation including possible non- linearities, 
and cultivar and region characteristics (ii) harvest year, 
location, and study- specific unobserved heterogene-
ities. From the methodological perspective, we utilize 
the multi- level meta- regression, which has an advan-
tage over standard regression that ignores hierarchy 
and dependency of data, i.e., yields measured at study, 
location, and harvest year levels and their potential 

correlations. The standard regression model estimated, 
for instance, by ordinary least squares (OLS), poten-
tially results in biased estimates of standard errors thus 
leading to biased parameter estimates when hierarchy 
and dependency in data measured at different levels are 
ignored, i.e., the model estimated without multi- level 
random effects.

We hierarchically cluster the data by three differ-
ent measurement levels, i.e., study, location, and year. 
Furthermore, each study and location have repeated ob-
servations for a specific year attributed to harvests from 
multiple replications (Figure 1). Since the data is clus-
tered, there could be unobserved heterogeneity in yield, 
i.e., the conditional mean of the yield observations varies 
across studies, locations, and harvest years for reasons that 
are unobserved at those levels. Thus, we apply a MLME 
meta- regression model to estimate the crop production 
function.

where yitjk is the observed yield i from the crop harvested in 
year t at location j under study k.

The measure of yield is log- transformed to ensure non- 
negative predictions, since the response variable only 
takes positive values and there is otherwise no way to pre-
vent negative out- of- sample yield predictions for values of 
the explanatory variable outside the range of explanatory 
variables used in the meta- regression. The log- likelihood 
value for the log- transformed model is smaller than for the 
untransformed model— therefore, it is the preferred 
model. The estimated MLME meta- regression model in 
Equation (1) with log- transformed miscanthus and 
switchgrass yields results in the log- likelihood values of 
−1184 and −1149, respectively, compared to −4503 and 
−7934 from corresponding models, which have levels of 
yields as the response variable. The vectors of continuous 

(1)
Multi− levelequation: ln

(

yitjk
)
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F I G U R E  1  Hierarchical (multi- level) 
representation of observed yield by study, 
location, and year
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explanatory variables including their interactions are de-
noted by xitjk and corresponding parameters to be esti-
mated are �. The vectors of dummy variables for regions 
and corresponding parameters to be estimated (region 
fixed effects) are denoted by dr and �r, respectively. The 
vectors of dummy variables for cultivars and correspond-
ing parameters to be estimated (cultivar fixed effects) are 
denoted by dc and �c, respectively. The heterogeneity in 
energy crop yield from different studies, i.e., mean and 
year- specific random intercepts for each study are cap-
tured by uk and rtk, respectively, whereas vjk and stjk cap-
ture heterogeneity in the energy crop yield between 
locations from the same study, i.e., mean and year- specific 
random intercepts, respectively, for each location within 
the same study. The residual error term at the observation 
level is denoted by eitjk.

The specific form of x� is as follows:

where N is the annual nitrogen application rate, age is the 
number of years after planting at the time of harvest, GDD 
is growing degree days, precip is growing season cumula-
tive precipitation, and NCCPI is National Commodity Crop 
Productivity Index (a measure of soil productivity).

The total effect or observed yield is partitioned into de-
terministic effect and random effect. The deterministic ef-
fect represented by x�, dr�r, and dc�c captures the effects 
of time- varying explanatory variables that include man-
agement and climate factors, time- invariant unobserved 
region, and cultivar fixed effects, respectively. The ran-
dom effect or unexplained portion of the observed yield is 
a combination of factors that are unmeasured at harvest 
year, location, and study levels. A detailed explanation of 
the econometric procedure and interpretation is provided 
in SI Section A.

We estimate four different specifications for each of the 
energy crops, i.e., Model A includes deterministic effect 
without interaction terms; Model B includes determinis-
tic effect with interaction terms (N2, age2, N × age, GDD2, 
precip2, N × NCCPI); Model C includes deterministic ef-
fect with interaction terms, study, and location random 
effect; Model D includes deterministic effect with inter-
action terms, harvest year augmented study, and location 
random effect. Model A ignores the possible unobserved 
heterogeneity in yield across studies, locations, and har-
vest years. Model B is the same as Model A, and it also 
includes interaction terms for N, age, GDD, precipitation, 

and NCCPI. In contrast, model C controls for the hierarchy 
and dependency of data across experiments at the same 
location or study and their potential correlations by in-
cluding mean study and location random effects. Model D 
extends Model C by including harvest year- specific study 
and location random effects. All specifications are esti-
mated using restricted maximum likelihood considering 
the degrees of freedom from the deterministic effect thus 
producing less biased estimates for random effects, i.e., 
variance components. The appropriate model is selected 
based on the lowest values for restricted log- likelihood 
(equivalently, deviance), Akaike's information criterion 
(AIC), and Bayesian information criterion (BIC).

There is some evidence that lower winter temperatures 
adversely affect miscanthus in the establishment year the 
severity of which varies over planting sites and times, but 
the matured stands of miscanthus generally tolerate cold 
winters (Dong et al., 2019; Maughan et al., 2012). As a sen-
sitivity analysis, we also estimate a fully- fledged MLME 
meta- regression model, i.e., model D, with the inclusion of 
linear and quadratic terms of heating degree days (HDD) 
for the winter season in examining the impact of winter 
temperatures and the robustness of the findings.

3  |  DATA AND STATISTICS

3.1 | Variable construction

We compile field trial data spanning the past two decades 
from 10 published articles, 1 published dissertation, and 1 
published dataset in the US (SI Section B). For each plot 
level observation, we obtain dry biomass yield (Mg ha−1), 
location, latitude, longitude, planting year, growing year, 
harvest year, nitrogen application rate (kg ha−1), and culti-
var type (switchgrass). We extract relevant data from texts 
and tables of the publications or corresponding datasets 
obtained through personal communications with the au-
thors. For switchgrass, we include dummy variables to dis-
tinguish the effects of three cultivars— Alamo, Blackwell, 
and Cave- In- Rock and group the other cultivars for which 
we have a few observations into the Other category (a 
composite category including Ceres 1102, Ceres EG1101, 
Liberty, Shawnee, SL 93 2001- 1, Summer, Sunburst, 
and Timber) as the reference. We aggregate these culti-
vars since the number of observations for each of these 
cultivars— Ceres 1102, Ceres EG1101, Liberty, Shawnee, 
SL 93 2001- 1, Summer, Sunburst, and Timber— is statisti-
cally too small to include them as independent categories. 
For Alamo, Blackwell, Cave- In- Rock, and Other, we have 
2208, 84, 352, and 167 yield observations, respectively. For 
miscanthus, we include three regions— Great plains (NE, 
OK, SD), Midwest (IL, IA, MI, WI), and Southeast (AR, 

(2)

xitjk� =�0+Nitjk�N +N2
itjk

�N2 +ageitjk�age+age
2
itjk

�age2

+

(

Nitjk×ageitjk
)

�N×age+ GDDitjk�GDD+GDD
2
itjk

�GDD2

+precipitjk�precip+precip
2
itjk

�precip2

+ NCCPIitjk�NCCPI+
(

Nitjk×NCCPIitjk
)

�N×NCCPI
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GA, KY, LA, MS, TN, VA) with Northeast (NJ, NY) as the 
reference category. We compute stand age for both crops 
as the difference between the growing year (the same 
year as harvest year or 1 year before the harvest year) and 
planting year.

To evaluate soil characteristics in terms of productivity, 
weighted National Commodity Crop Productivity Index 
(NCCPI) values available at 150 m grid cells are obtained 
from the gridded Soil Survey Geographic (gSSURGO 
2020) Database. The NCCPI is a rating index capturing 
soil capacity to produce commodity crops in rainfed (non- 
irrigated) conditions. We use the weighted average of 
NCCPI values for major commodity crops including corn, 
soybean, and cotton. These values are extracted for each lo-
cation based on latitude- longitude using ArcGIS. Climate 
information is obtained from the parameter- elevation 
regressions on independent slopes model (PRISM 2020) 
dataset at each latitude- longitude corresponding to each 
location. The climate- related variables are calculated for 
the growing season (April- November for miscanthus and 
April- September for switchgrass). We compute growing 
season cumulative precipitation (precip) using daily pre-
cipitations (mm). We calculate GDD (°C) in a growing 
season to measure the thermal time using the following 
relationship (Arundale et al., 2014; Tejera et al., 2019):

where d is a particular day with n denoting number of days 
in a growing season, Tmax,d and Tmin,d are maximum and 
minimum temperatures in any day d, respectively, and b is 
the base temperature below which growth is supposedly re-
stricted. We use 6°C as the base temperature for miscanthus 
(Tejera et al., 2019) and 10°C for switchgrass (Arundale et 
al., 2014). Similarly, we calculate HDD (°C) for the winter 
season (December- February preceding the harvest), which 
defines the cumulative winter temperature below the base 
temperature as follows:

3.2 | Summary statistics

Our econometric analysis is based on 1403 observations 
of miscanthus yield and 2811 observations of switchgrass 
yield that include observations from the 2nd year after 
establishment and beyond since the establishment year 

(first- year) harvests are extremely variable (Gunderson 
et al., 2008; Heaton et al., 2004; Wullschleger et al., 2010). 
The data consists of yield observations for miscanthus 
planted between 2002– 2017 (harvested between 2007– 
2019) and switchgrass planted between 2002– 2013 (har-
vested between 2004– 2018). Miscanthus data are obtained 
from 2 experiments in the Great Plains (Arundale, 2012; 
Lee et al., 2018); 11 experiments in the Midwest (Anderson- 
Teixeira et al., 2013; Arundale, 2012; Arundale et al., 2014; 
Boersma & Heaton, 2014; Dong et al., 2019; Kaiser et al., 
2015; Lee et al., 2018; Sanford et al., 2016; Tejera et al., 
2019; Tejera & Heaton, 2019; Zumpf et al., 2019); 2 ex-
periments in the Northeast (Arundale, 2012; Lee et al., 
2018); and, 3 experiments in the Southeast (Arundale, 
2012; Dong et al., 2019; Lee et al., 2018). Similarly, switch-
grass data are obtained from 2 experiments in the Great 
Plains (Arundale, 2012; Lee et al., 2018); 6 experiments 
in the Midwest (Anderson- Teixeira et al., 2013; Arundale, 
2012; Arundale et al., 2014; Lee et al., 2018; Sanford et al., 
2016; Zumpf et al., 2019); 2 experiments in the Northeast 
(Arundale, 2012; Lee et al., 2018); and, 3 experiments in 
the Southeast (Arundale, 2012; Boyer et al., 2013; Lee 
et al., 2018).

The differences in the mean of the yield observations 
across sites for miscanthus (Figure 2) and switchgrass 
(Figure 3) reflect substantial spatial variation in the yield 
of these crops. In general, lower latitudes have lower 
miscanthus yields, whereas higher latitudes have lower 
switchgrass yields on average. The middle latitude has a 
higher average yield pattern for both crops.

Table 1 describes the variables used in the esti-
mated models and their summary statistics. The mis-
canthus dataset includes a wide range of N rates from 
0 to 202  kg  ha−1 with a mean and standard deviation 
of 69.1 and 59.5 kg ha−1, respectively, across stand ages 
of 2– 11 years with a mean age and standard deviation 
of the age of 3.9 and 1.9 years, respectively. We exclude 
miscanthus observations using fertilizer application 
rates of 224– 448 kg N ha−1. These higher N rate yield ob-
servations are from a single staggered start experiment 
(Tejera et al., 2019; Tejera & Heaton, 2019) and exceed 
the range of N rates consistent across all other studies in 
the miscanthus dataset. The seasonal precipitation and 
GDD for the miscanthus dataset ranges from 388.6 to 
1401.8  mm and from 2034.2 to 4434.7°C, respectively. 
The mean and standard deviation for precipitation are 
852.7 and 202.9  mm, respectively, whereas the mean 
and standard deviation for GDD are 2786.9 and 366.9°C, 
respectively. For the switchgrass dataset, N rates range 
from 0 to 202 kg ha−1 with a mean and standard deviation 
of 89.2 and 72.3 kg ha−1, respectively, across stand ages 
of 2– 10 years with a mean and standard deviation of 4.8 
and 1.9  years, respectively. The seasonal precipitation 
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n
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n
�
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and GDD for the switchgrass dataset range from 314.9 
to 1180.3 mm and from 1060.6 to 2984.5°C, respectively. 
The mean and standard deviation for precipitation are 
709.1 and 172.2 mm, respectively, whereas the mean and 
standard deviation for GDD are 2207.9 and 352.8°C, re-
spectively. The winter season HDD for the miscanthus 
and switchgrass dataset ranges from 80.3 to 1614.3°C 
and from 178.4 to 2138°C, respectively. The mean and 
standard deviation for HDD in the miscanthus dataset 
are 810.3 and 317.2°C, respectively, whereas the mean 
and standard deviation for HDD in the switchgrass data-
set are 738.8 and 348.1°C, respectively.

4  |  RESULTS AND DISCUSSIONS

Relevant model fitness and test statistics point toward 
the appropriateness of the multi- level mixed- effects 
model D with study × year and location × year random 
effect (see SI Sections C and D for miscanthus and switch-
grass, respectively). We report parameter estimates and 
relevant statistics of four different specifications for mis-
canthus and switchgrass in Tables 2 and 3, respectively. 
We also examine the impact of winter temperatures as a 
sensitivity analysis by estimating a fully fledged MLME 

meta- regression model, i.e., model D, with the inclusion 
of linear and quadratic terms of winter season HDD (see 
parameter estimates in SI Section E). We neither find 
statistical significance of the included linear and quad-
ratic terms for HDD nor any improvement in the model 
fitness. Instead, their inclusion worsens the model fit-
ness. The MLME meta- regression model for miscanthus 
including these variables has deviance, AIC, and BIC 
values of 2404, 2444, and 2549, respectively, compared 
to the deviance, AIC, and BIC values of 2369, 2405, 
and 2499, respectively, in the model excluding them. 
Similarly, deviance, AIC, and BIC values in the MLME 
meta- regression model for switchgrass including these 
variables are 2327, 2367, 2486, respectively, compared to 
deviance, AIC, and BIC values of 2298, 2334, and 2441, 
respectively, in the model without them. Furthermore, 
the inclusion of these variables does not affect the sign, 
significance, and magnitude of other explanatory vari-
ables estimated in model D. We cannot confirm the 
impact of winter temperature during the establishment 
year of miscanthus since our model excludes the har-
vest from the establishment year. However, our finding 
is still consistent with previous experimental trials sug-
gesting winter tolerance of matured miscanthus stands 
but possible adverse effect of lower winter temperatures 

F I G U R E  2  Mean observed miscanthus yield by location
Note: Numbers in parentheses denote actual yield observations.
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in the establishment year (Dong et al., 2019; Maughan 
et al., 2012).

4.1 | Production function estimation and 
yield prediction for miscanthus

The deterministic and predicted (total) yields from 
model D as well as observed yields are shown in  
Figure 4. In general, the deterministic portion of 
yield increases with age but at a decreasing rate. The 

deterministic yield peaks at 7th year and then again 
spikes at 9th year before declining. The deterministic 
yields in the 5th, 7th, and 9th years are 17.4, 19.2, and 
20.4  Mg  ha−1, respectively, which are more than 25% 
to 75% higher than in the 2nd year (11.5 Mg ha−1). We 
find that the random factors affecting yields in the mis-
canthus dataset are more important in middle and later 
years than in earlier years, that is, in later years, the ran-
dom effects explain a larger portion of the observed yield 
compared to the deterministic factors. Observed yields 
in the younger stages of maturity are identical to those 

F I G U R E  3  Mean observed switchgrass yield by location
Note: Numbers in parentheses denote actual yield observations.

T A B L E  1  Definition and summary statistics of variables used in the analysis

Variable Definition

Miscanthus (n = 1403) Switchgrass (n = 2811)

Mean SD Mean SD

yield Dry matter (0% moisture) harvested yield of the crop 
(Mg ha−1)

17.40 8.73 12.89 6.07

N Annual nitrogen application rate (kg ha−1) 69.08 59.46 89.22 72.28

age Age of the crop when harvested 3.90 1.92 4.79 1.93

GDD Growing degree days of each growing season (°C) 2786.85 366.95 2207.98 352.86

HDD Heating degree days of each winter season (°C) 810.25 317.24 738.82 348.04

precip Cumulative precipitation for each growing season (mm) 852.65 202.89 709.13 172.15

NCCPI National Commodity Crop Productivity Index (weighted) 0.74 0.16 0.54 0.10
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expected based on stand age alone, but different in the 
middle and later stages of maturity than those expected 
based on stand age alone due to random factors. For ex-
ample, deterministic effects explain 97% and 94% of the 
predicted yields in the 2nd and 3rd years, respectively. 
In contrast, deterministic effects in the 4th and 5th years 
explain 69% and 90% of the predicted yields, respec-
tively. Deterministic effects in the 8th and 10th years are 
86% and 133% of the predicted yields, respectively.

Our predicted yields across maturity stages are in close 
agreement with the observed yields. The mean predicted 
yield peaks at the 4th year, remains constant until the 9th 
year, and declines thereafter following a similar pattern 
as the observed yield. The mean predicted yield at the 4th 
year is 21.3 Mg ha−1 (range of 9.9– 32.1 Mg ha−1), which 
is close to the mean observed yield of 21.8 Mg ha−1 (range 
of 6.4– 44.4 Mg ha−1). As the plant grows older, the range 
of the observed yield becomes smaller. Our prediction also 
indicates a similar pattern for the older stands. For exam-
ple, the predicted yield falls between 12.6 and 30.6 Mg ha−1 
(mean of 20.2 Mg ha−1) in the 9th year, which is close to 
the observed yield between 13.5 and 29.7 Mg ha−1 (mean 
of 20.5 Mg ha−1).

The estimated MLME meta- regression (model D) re-
sults in the lowest AIC and BIC values of 2405 and 2499, 
respectively, compared to 2903 and 2987 in standard re-
gression, which ignores hierarchy and dependency of 
data (i.e., OLS in model B). The mean OLS yield at the 4th 
year is 18.4 Mg ha−1 with a range of 13.3– 25.4 Mg ha−1. 
Similarly, the mean OLS yield falls between 11.3 and 
39.4  Mg  ha−1 (mean of 18.9  Mg  ha−1) in the 9th year 
(Figure 4). These values deviate from the observed yields 
as opposed to our predicted yields. This shows potential 
site- year- specific and study- year- specific unobserved vari-
abilities in a MLME model lead to better yield prediction 
and thus more reliable estimates of N and stand age com-
pared to OLS. The mean random effect for each location 
from model D is shown in Figure 5. It represents the mean 
of the yield variation attributed to a particular harvest 
year within that particular location for a given experiment 
(study). This effect is an important component of the 
overall yield prediction, even though it is not explained by 
observable factors. It varies across regions and ages. For 
example, the mean estimated location random effect in IA 
ranges from 1.4 to 2.5  Mg  ha−1, whereas it ranges from 
0.63 to 1.3 Mg ha−1 in IL.

4.1.1 | Response of miscanthus yield to 
age and nitrogen

The linear impact of age on the productivity of mis-
canthus is positive and statistically significant at 1% 
level. However, miscanthus has a diminishing marginal 
productivity response to age as shown by the negative 
coefficient estimate on the squared term, which is also 
statistically significant at 1% level. The coefficient of the 
N × age interaction has a positive sign and is statistically 
significant at 10% level, which shows that the diminish-
ing marginal productivity to age can be partially offset by 
increasing N. Accounting for all the interaction effects, 
the marginal impact of age is statistically significant at 1% 
level; i.e., an additional year of maturity increases mis-
canthus yield on average by 13.9%. The yield increases at a 
decreasing rate till the 7th year, beyond which, yield starts 
decreasing at an increasing rate. For instance, for a 2nd, 
6th, and 10th- year miscanthus stand, an additional year 
of maturity changes yield by on average by 2.6, 0.47, and 
−2.5 Mg ha−1, respectively.

4.1.2 | Response of miscanthus yield to 
nitrogen and soil productivity (NCCPI)

The linear impact of N on the productivity of miscanthus 
is not statistically significant but miscanthus has a 

F I G U R E  4  Mean observed, OLS, deterministic, and predicted 
miscanthus yields
Note: OLS yield is from standard pooled regression without 
multi- level random effects (model B); deterministic and predicted 
yields are from MLME meta- regression (model D); predicted yield 
includes deterministic yield and multi- level random effects. The 
figure compares the deterministic as well as (total) predicted yields 
using the MLME meta- regression (model D) with the predicted 
yields from the standard regression, which ignores hierarchy and 
dependency of data (i.e., OLS in model B). It shows the impact of 
the random factors in the observed yields for different stages of 
maturity, and how the potential site- year- specific and study- year- 
specific (random) unobserved variabilities in a MLME model lead 
to better yield predictions as compared to the OLS model.
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diminishing marginal productivity response to N as de-
picted by the negative coefficient of the squared term, 
which is statistically significant at 5% level. The coeffi-
cients of NCCPI and N × NCCPI are statistically not signif-
icant. Accounting for the interaction effects, the marginal 
impact of N on miscanthus yield is statistically significant 
at 1% level, i.e., an additional 100 kg N ha−1 increases mis-
canthus yield on average by 11.2%. The yield increases at 
a decreasing rate till 140 kg N ha−1, beyond which, yield 
starts decreasing at an increasing rate. For instance, con-
sidering N application rates of 0, 100, and 200  kg  ha−1, 
an additional kg of N ha−1 changes miscanthus yield on 
average by 0.03, 0.01, and −0.02  Mg  ha−1, respectively. 
The overall marginal impact of NCCPI is statistically not 
significant.

4.1.3 | Response of miscanthus yield to 
temperature and precipitation

The linear impact of growing season GDD on the produc-
tivity of miscanthus is positive and statistically significant 
at 1% level. However, miscanthus has a diminishing mar-
ginal productivity response to growing season GDD as 
shown by the negative coefficient estimate on the squared 

term, which is statistically significant at 1% level. Overall, 
the marginal impact of growing season GDD on productiv-
ity is statistically significant at 1% level; i.e., an additional 
100°C of growing season GDD increases miscanthus yield 
on average by 5.4%. In contrast to growing season GDD, 
there is no statistically significant yield response to grow-
ing season cumulative precipitation.

4.2 | Production function estimation and 
yield prediction for switchgrass

We eliminate regional dummies in estimating switchgrass 
production function to avoid multicollinearity with culti-
var dummies. For example, the cultivar Alamo has 2208 
(out of 2811) observations in total from a total of three 
studies (Arundale, 2012; Boyer et al., 2013; Lee et al., 
2018), which are all conducted in the Southeast region 
comprising 2220 (out of 2811) observations. In general, 
observed data follows regional growth patterns across 
individual switchgrass cultivars; i.e., Alamo as a lowland 
cultivar grown in the Southeast, Blackwell as an upland 
cultivar grown in the Great Plains, and Cave- In- Rock as 
an upland cultivar grown in the Midwest and Northeast. 
This is consistent with previous literature suggesting the 

F I G U R E  5  Mean estimated miscanthus random effect (RE) by location and region
Note: The figure shows the expected impact of the random factors at the location level, i.e., the site- year- specific and study- year- specific 
(random) unobserved variabilities, in predicting the total (observed) yields.
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suitability of different growing regions for different cul-
tivars (e.g., Parrish & Fike, 2005). The deterministic and 
predicted (total) yields from model D as well as observed 
yields are shown in Figure 6. In general, determinis-
tic yield increases with age but at a decreasing rate. The 
deterministic yield peaks at the 6th year and then starts 
declining with a sharp drop at the 8th year. The determin-
istic yields in the 3rd, 5th, and 7th years are 8.8, 12.9, and 
12.8 Mg ha−1, respectively, which are more than 25% to 
75% higher than in the 2nd year (5.7 Mg ha−1). We find 
that random factors affecting yield in the switchgrass 
dataset are more important in earlier and later years than 
in the middle years. Observed yields in the middle stages 
of maturity are identical to those expected based on stand 
age alone but different in the earlier and later stages of 
maturity than those expected based on stand age alone 
due to random factors. For example, deterministic effects 
in the 4th and 5th years are 105% and 100% of the pre-
dicted yields, respectively. In contrast, deterministic ef-
fects explain 64% and 62% of the predicted yields in the 
2nd and 3rd years, respectively. Similarly, deterministic 
effects explain only 49% and 40% of the predicted yields in 
the 8th and 10th years, respectively.

Our predicted yields across maturity stages closely rep-
licate the pattern of the observed yields. The mean pre-
dicted yield peaks at the 3rd year and remains constant 
until the 8th year, declining thereafter. The mean pre-
dicted yield at the 3rd year is 14.3 Mg ha−1 (range of 1.8– 
20.1 Mg ha−1) which is close to the mean observed yield 
of 15.4 Mg ha−1 (range of 1.8– 39.7 Mg ha−1). Similar to 
the observed data in which the range of observed yield 
becomes smaller for older stands our prediction shows 
a similar pattern. For example, the predicted yield has a 
range of 2.8– 20.1 Mg ha−1 (mean of 14.2 Mg ha−1) at the 
8th year, which is close to the range of 2.5– 27.4 Mg ha−1 
for the observed yield (mean of 14.3 Mg ha−1).

The estimated MLME meta- regression (model D) 
results in the lowest AIC and BIC values of 2334 and 
2441, respectively, compared to 3670 and 3765 in sim-
ple regression, which pools data ignoring hierarchy (i.e., 
OLS in model B). In contrast to our predicted yields, 
which are close to the observed yields, the mean OLS 
yield at the 3rd year is 10.8 Mg ha−1 with a range of 3.5– 
14.6 Mg ha−1. Similarly, the mean OLS yield has a range of 
4.1– 16.5 Mg ha−1 (mean of 12.2 Mg ha−1) at the 8th year 
(Figure 6). This again shows that the inclusion of poten-
tial site- year- specific and study- year- specific unobserved 
variabilities in a MLME model leads to better yield pre-
diction and thus more reliable estimates of N and stand 
age compared to OLS. The mean random effect for each 
location from model D is shown in Figure 7. This effect is 
an important component of the overall yield prediction, 
even though it is not observed. For example, the mean es-
timated location random effect in SD ranges from 1.1 to 
2.4 Mg ha−1, whereas it ranges from 0.59 to 1.7 Mg ha−1 
in IL.

4.2.1 | Response of switchgrass yield to 
age and nitrogen

The linear impact of age on the productivity of switch-
grass is positive and statistically significant at 1% level. 
However, switchgrass has a diminishing marginal pro-
ductivity response to age as shown by the negative co-
efficient estimate on the squared term, which is also 
statistically significant at 1% level. The N  ×  age inter-
action shows that the diminishing marginal productiv-
ity to age can be partially offset by increasing N, which 
however is statistically not significant. Accounting for 
all the interaction effects, the marginal impact of age on 
switchgrass yield is statistically significant at 1% level; 
i.e., an additional year of maturity on average increases 
switchgrass yield by 11.7%. The yield increases at a de-
creasing rate till the 6th year, beyond which, it starts de-
creasing at an increasing rate. For instance, considering 

F I G U R E  6  Mean observed, OLS, deterministic, and predicted 
switchgrass yields
Note: OLS yield is from standard pooled regression without 
multi- level random effects (model B); deterministic and predicted 
yields are from MLME meta- regression (model D); predicted yield 
includes deterministic yield and multi- level random effects. The 
figure compares the deterministic as well as (total) predicted yields 
using the MLME meta- regression (model D) with the predicted 
yields from the standard regression, which ignores hierarchy and 
dependency of data (i.e., OLS in model B). It shows the impact of 
the random factors in the observed yields for different stages of 
maturity, and how the potential site- year- specific and study- year- 
specific (random) unobserved variabilities in a MLME model lead 
to better yield predictions as compared to the OLS model.
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2nd, 6th, and 10th- year switchgrass stands, an addi-
tional year of maturity changes yield on average by 2.9, 
−0.97, and −2.1 Mg ha−1, respectively.

4.2.2 | Response of switchgrass yield to 
nitrogen and soil productivity (NCCPI)

The linear impact of N on the productivity of switch-
grass is positive and statistically significant at 1% level, 
but switchgrass has a diminishing marginal productivity 
response to N, as shown by the statistically significant 
negative coefficient estimate on the squared term. Even 
though the NCCPI impact is statistically not significant, 
the N  ×  NCCPI interaction effect shows that there is a 
negative impact of adding N on land with higher NCCPI, 
which is statistically significant. Accounting for the inter-
action effects, the marginal impact of N on switchgrass 
yield is statistically significant at 1% level; i.e., an addi-
tional 100  kg  N  ha−1 on average increases switchgrass 
yield by 32.5%. The yield increases at a decreasing rate till 
155  kg  N  ha−1, beyond which, it starts decreasing at an 
increasing rate. For instance, considering N application 
rates of 0, 100, and 200 kg ha−1, an additional kg of N ha−1 
changes switchgrass yield on average by 0.05, 0.03, and 

−0.02 Mg ha−1, respectively. The overall marginal impact 
of NCCPI is statistically not significant.

4.2.3 | Response of switchgrass yield to 
temperature and precipitation

The linear impact of growing season GDD on the produc-
tivity of switchgrass is positive and statistically significant 
at 1% level. However, switchgrass has a diminishing mar-
ginal productivity response to growing season GDD, as 
shown by the negative coefficient estimate on the squared 
term, which is statistically significant at 10% level. The 
linear impact of growing season cumulative precipitation 
on the productivity of switchgrass is positive and statis-
tically significant at 1% level. Similar to growing season 
GDD, switchgrass has a diminishing marginal produc-
tivity response to growing season cumulative precipita-
tion, as shown by the negative coefficient estimate on the 
squared term, which is statistically significant at 1% level. 
Overall, the marginal impact of growing season GDD is 
significant at 1% level; i.e., an additional 100°C of grow-
ing season GDD on average increases switchgrass yield 
by 8.3%. Similar to growing season GDD, there is an over-
all positive yield response to growing season cumulative 

F I G U R E  7  Mean estimated switchgrass random effect (RE) by location and region
Note: The figure shows the expected impact of the random factors at the location level, i.e., the site- year- specific and study- year- specific 
(random) unobserved variabilities, in predicting the total (observed) yields.
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precipitation with a yield increase of 6.8% on average for 
an additional 100 mm of growing season cumulative pre-
cipitation. This effect is statistically significant at 5% level.

Since we are interested in yield effects due to climate, 
management, cultivar, and region that we can observe 
and explain, we provide a detailed discussion of the de-
terministic portion of the predicted yields in subsections 
that follow.

4.3 | Predicted deterministic yields by 
age and nitrogen interaction

To better understand the N and age interaction effect, we 
provide predicted yields at various N rates for selected 
plant maturity levels assuming other explanatory vari-
ables (controls) remain at their observed levels across the 
differing N rates. Using predicted values, we compute 
magnitudes of changes in miscanthus and switchgrass 
yields for various N levels across maturity stages. In gen-
eral, both the crops at various stages of maturity show an 
increased response to N up to a specific level and then fol-
low a declining trend with a further increase in N rate.

We predict that the deterministic portion of the yield 
of both crops varies over N rates with differences across 
younger (1– 3  years), middle- aged (4– 7  years), and older 
(8– 10 years) stands (Figure 8). We find that the positive 
yield response of miscanthus to N is higher for the older 
stands compared to younger and middle- aged stands. 
In contrast, we find that the positive yield response of 
switchgrass to N is higher for the middle- aged compared 
to younger and older stands. For example, given yields of 
10.8, 16.5, and 11.1 Mg ha−1 in the 2nd, 6th, and 10th- year 

miscanthus stands with 0 kg N ha−1, respectively, the yield 
increases by 2.1 Mg ha−1 in a 10th year stand compared to 
a yield increase of 0.7 and 2.1 Mg ha−1 in the 2nd and 6th 
year stands, respectively, when the N rate increases from 
0 to 50 kg ha−1.

In contrast, given yields of 3.8, 9.6, and 2.1  Mg  ha−1 
in the 2nd, 6th, and 10th- year switchgrass stands with 
0 kg N ha−1, respectively, the yield increased by 3.1 Mg ha−1 
in the 6th year stand compared to yield increase of 1.2 
and 0.7 Mg ha−1 in the 2nd and 10th year stands, respec-
tively, when the N rate is increased from 0 to 50 kg ha−1  
(Figure 9, see the details in SI Section F).

The predicted deterministic yield of the 6th year mis-
canthus stand without N application (16.5 Mg ha−1) and 
10th year stand with N rate of 150 kg ha−1 (16.6 Mg ha−1) 
are similar; the latter would have otherwise been 
11.1  Mg  ha−1 without N application. Similarly, the pre-
dicted yield of the 6th year switchgrass stand without N 
application (9.6 Mg ha−1) and 8th year stand with N rate 
of 100  kg  ha−1 (9.7  Mg  ha−1) are similar, which could 
have been 6.1 Mg ha−1 without N application (SI Section 
F). These results show that the decline in productivity in 
older stands can be offset with additional N.

Yields of various age miscanthus stands reach a max-
imum level with N rates between 100 and 250 kg N ha−1 
(Figure 9). In contrast, yields of all age switchgrass 
stands reach a maximum at 150 kg N ha−1. We find that 
the mean predicted yields of the younger and middle- 
aged miscanthus stands decrease when the N rate is in-
creased from 150 to 200 kg ha−1. In contrast, we find that 
when the N rate is increased from 150 to 200 kg ha−1, 
switchgrass shows yield decline for all age stands. These 
findings show the yield declining impact of excessive 

F I G U R E  8  Mean predicted 
deterministic yield across maturity stages 
at various N levels for miscanthus and 
switchgrass



16 |   SHARMA et al.

N on miscanthus and switchgrass irrespective of plant 
maturity but the predicted yields are still greater than 
without N fertilization.

To determine differential impact at lower N levels across 
maturity stages, we further investigate the change in mean 
predicted miscanthus and switchgrass yields between 0 and 
50 kg ha−1 at an interval of 10 kg N ha−1 (SI Section G).  
We find variation in yield response across younger, middle- 
aged, and older stands with both crops at various stages 
of maturity showing an increased response with an in-
crease in N rate till 50 kg ha−1. Even with lower N levels, 
we find a higher positive yield response for the older com-
pared to younger and middle- aged stands in miscanthus, 
whereas a higher positive yield response for the middle- 
aged compared to younger and older stands in switchgrass. 
Compared to LeBauer et al. (2018), who find an average 
yield increase of 0.28 Mg ha−1 per 10 kg ha−1 increase in 
N, we find that miscanthus yield increases by 0.14, 0.42, 
and 0.43 Mg ha−1 on average per 10 kg ha−1 increase in N 
rates between 0 and 50 kg ha−1 across 2nd, 6th, and 10th 
year stands, respectively. Similarly, we find that switchgrass 
yield increases by 0.25, 0.62, and 0.14 Mg ha−1 on average 
per 10 kg ha−1 increase in N rates between 0 and 50 kg ha−1 
across 2nd, 6th, and 10th year stands, respectively, com-
pared to LeBauer et al. (2018), who find an average yield 
increase of 0.13 Mg ha−1 per 10 kg ha−1 increase in N.

4.4 | Predicted deterministic yields 
across region and cultivar

We provide predicted yields at various maturity stages 
across regions assuming other explanatory variables 

(controls) remain at their observed levels across the differ-
ing ages (Figure 10). In general, the mean predicted mis-
canthus yields are the highest in the Great Plains followed 
by Midwest, Southeast, and Northeast, across all maturity 
stages with maximum yield achieved around 6– 7  years. 
In contrast, the mean predicted switchgrass yields are 
the highest in the Southeast followed by Midwest, Great 
Plains, and Northeast, across all maturity stages with 
maximum yield achieved around 5– 6 years.

We also provide predicted yields at various maturity 
stages for the switchgrass cultivars, assuming all other 
explanatory variables (controls) remain at their observed 
levels across the differing ages (Figure 11). In general, the 
mean predicted yields are the highest for Alamo followed 
by Other, Cave- In- Rock, and Blackwell across all maturity 
stages with maximum yield achieved around 5– 6 years.

Our findings on predicted yields across combinations 
of N rate and stand age should be interpreted with caution. 
First, both miscanthus and switchgrass respond positively 
to N with subsequently smaller increases in the yields with 
additional increases in N rate. After attaining peak yield, 
both crops respond negatively to N with subsequently larger 
decreases in the yields with additional increases in N rate. 
Second, yield increases at higher rates in the older compared 
to younger and middle- aged stands in miscanthus. In con-
trast, yield increases at higher rates in the middle- aged com-
pared to younger and older stands in switchgrass. There is a 
positive but small impact of N on various age (2nd to 10th 
year) miscanthus stands, ranging from 0.17 to 0.50 Mg ha−1 
and switchgrass stands between 0.14 to 0.64 Mg ha−1 when 
N rate is increased from 0 to 10 kg ha−1. This positive im-
pact of N depreciates quickly and becomes negligible as N is 
further increased. For example, the impact of N on various 

F I G U R E  9  Mean predicted 
deterministic yield across N levels at 
various maturity stages for miscanthus 
and switchgrass
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age (2nd to 10th year) miscanthus stands ranges from 0.11 
to 0.45  Mg  ha−1 and switchgrass stands between 0.13 to 
0.59 Mg ha−1 when N rate is increased from 40 to 50 kg ha−1. 
We also find that miscanthus stands reach maximum pre-
dicted yields ranging between 11.8 and 20.8  Mg  ha−1 de-
pending on crop maturity (2nd to 10th year) for N levels 
between 100 and 250 kg ha−1, whereas switchgrass stands 
reach a maximum at 150 kg N ha−1 irrespective of crop ma-
turity with yields ranging between 3.6 and 16.1 Mg ha−1 de-
pending on crop maturity.

5  |  CONCLUSIONS

Our meta- regression analysis applying multi- level 
mixed- effects modeling extends our understanding of 

the impacts of N and stand age interaction on productiv-
ity of miscanthus and switchgrass. We find that yield of 
both of these crops increases at declining rates as they 
mature till a peak, where the yield remains stagnant for 
a few years and then starts to decline. Both crops respond 
positively to N fertilization for the observed range of ap-
plied rates with the effect being more pronounced across 
older stands in miscanthus and middle- aged stands in 
switchgrass. However, the positive response to N fertiliza-
tion is small in magnitude and quickly deteriorates. The 
crops at various stages of maturity show an increasing but 
negligible response to N fertilization up to a specific level 
of N and then a decline in yield with further increases in 
N rate. Even though both energy crops exhibit a positive 
yield response to growing season GDD, switchgrass has 
a higher yield response than miscanthus. Switchgrass 
also responds positively to growing season cumulative 
precipitation but this is not the case for miscanthus. We 
find that miscanthus stands reach maximum yields for N 
levels between 100 and 250  kg  ha−1 depending on crop 
age, whereas switchgrass stands reach a maximum yield 
at 150 kg N ha−1 irrespective of crop age. Our findings also 
provide statistical evidence that yields of miscanthus and 
switchgrass do not differ across land with different bio-
physical properties and that they can be grown produc-
tively on low quality land.

Our parameter estimates can be used to lead to recom-
mendations for optimal N application rates as well as the 
optimal age to harvest miscanthus and switchgrass that 
can maximize yield. They can also be used to show that 
N rates that maximize yield may not necessarily be the 
rates that will maximize profits, since these will depend 
on market factors such as biomass price and N price. We 
leave the application of our findings here to determine 

F I G U R E  1 0  Mean predicted 
deterministic yield across maturity 
stages and regions for miscanthus and 
switchgrass

F I G U R E  1 1  Mean predicted deterministic switchgrass yield 
across maturity stages and cultivars
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recommendations for profit- maximizing N rates across 
maturity stages and market prices for future research. 
Nitrogen use is of much significance since excessive appli-
cation not only leads to economic inefficiency but becomes 
counterproductive by releasing N2O emissions and NO3 
leaching which have well- known greenhouse gas (GHG) 
implications (Cadoux et al., 2012; Chen et al., 2019). The 
findings of our analysis can improve both the economic 
and environmental outcomes from lignocellulosic biofuel 
production in terms of farm profitability and GHG reduc-
tion. The estimates obtained here can also guide the val-
idation of biophysical (mechanistic) crop growth models 
and inform regional assessments of bioenergy suitability 
and profitability relative to conventional crops, which can 
affect incentives for land- use change.

ACKNOWLEDGMENTS
This work was funded by the DOE Center for Advanced 
Bioenergy and Bioproducts Innovation (U.S. Department 
of Energy, Office of Science, Office of Biological and 
Environmental Research under Award Number DE- 
SC0018420). Any opinions, findings, and conclusions or 
recommendations expressed in this publication are those 
of the author(s) and do not necessarily reflect the views of 
the U.S. Department of Energy.

DATA AVAILABILITY STATEMENT
Data and codes used in this study are available at the 
Illinois Data Bank https://doi.org/10.13012/ B2IDB - 35804 
61_V1.

ORCID
Bijay P. Sharma   https://orcid.
org/0000-0002-1723-3009 
DoKyoung Lee   https://orcid.org/0000-0003-1401-9661 
Evan H. Delucia   https://orcid.
org/0000-0003-3400-6286 
Stephen P. Long   https://orcid.org/0000-0002-8501-7164 
Madhu Khanna   https://orcid.org/0000-0003-4994-4451 

REFERENCES
Anderson- Teixeira, K. J., Masters, M. D., Black, C. K., Zeri, M., 

Hussain, M. Z., Bernacchi, C. J., & DeLucia, E. H. (2013). 
Altered belowground carbon cycling following land- use change 
to perennial bioenergy crops. Ecosystems, 16(3), 508– 520. 
https://doi.org/10.1007/s1002 1- 012- 9628- x

Arundale, R. A. (2012). The higher productivity of the bioenergy 
feedstock Miscanthus x giganteus relative to Panicum virgatum 
is seen both into the long term and beyond Illinois (Doctoral 
dissertation). University of Illinois at Urbana- Champaign.

Arundale, R. A., Dohleman, F. G., Heaton, E. A., Mcgrath, J. M., 
Voigt, T. B., & Long, S. P. (2014). Yields of Miscanthus x gi-
ganteus and Panicum virgatum decline with stand age in the 
Midwestern USA. GCB Bioenergy, 6(1), 1– 13.

Boersma, N. N., & Heaton, E. A. (2014). Does propagation method 
affect yield and survival? The potential of Miscanthus x gigan-
teus in Iowa, USA. Industrial Crops and Products, 57, 43– 51.

Boyer, C. N., Roberts, R. K., English, B. C., Tyler, D. D., Larson, J. 
A., & Mooney, D. F. (2013). Effects of soil type and landscape 
on yield and profit maximizing nitrogen rates for switchgrass 
production. Biomass and Bioenergy, 48, 33– 42. https://doi.
org/10.1016/j.biomb ioe.2012.11.004

Cadoux, S., Riche, A. B., Yates, N. E., & Machet, J. M. (2012). Nutrient 
requirements of Miscanthus x giganteus: Conclusions from a re-
view of published studies. Biomass and Bioenergy, 38, 14– 22. 
https://doi.org/10.1016/j.biomb ioe.2011.01.015

Chamberlain, J. F., & Miller, S. A. (2012). Policy incentives for switch-
grass production using valuation of non- market ecosystem 
services. Energy Policy, 48, 526– 536. https://doi.org/10.1016/j.
enpol.2012.05.057

Chen, H., Dai, Z., Jager, H. I., Wullschleger, S. D., Xu, J., & Schadt, C. W. 
(2019). Influences of nitrogen fertilization and climate regime on 
the above- ground biomass yields of miscanthus and switchgrass: 
A meta- analysis. Renewable and Sustainable Energy Reviews, 108, 
303– 311. https://doi.org/10.1016/j.rser.2019.03.037

Christian, D. G., Riche, A. B., & Yates, N. E. (2008). Growth, yield 
and mineral content of Miscanthus x giganteus grown as a bio-
fuel for 14 successive harvests. Industrial Crops and Products, 
28(3), 320– 327.

Davis, S. C., Parton, W. J., Grosso, S. J. D., Keough, C., Marx, E., 
Adler, P. R., & DeLucia, E. H. (2012). Impact of second- 
generation biofuel agriculture on greenhouse- gas emissions 
in the corn- growing regions of the US. Frontiers in Ecology 
and the Environment, 10(2), 69– 74. https://doi.org/10.1890/ 
110003

Dong, H., Green, S. V., Nishiwaki, A., Yamada, T., Stewart, J. R., 
Deuter, M., & Sacks, E. J. (2019). Winter hardiness of Miscanthus 
(I): Overwintering ability and yield of new Miscanthus x gigan-
teus genotypes in Illinois and Arkansas. GCB Bioenergy, 11(5), 
691– 705.

Fewell, J. E., Bergtold, J. S., & Williams, J. R. (2016). Farmers’ 
willingness to contract switchgrass as a cellulosic bioenergy 
crop in Kansas. Energy Economics, 55, 292– 302. https://doi.
org/10.1016/j.eneco.2016.01.015

Gunderson, C. A., Davis, E. B., Jager, H. I., West, T. O., Perlack, R. D., 
Brandt, C. C., Wullschleger, S. D., Baskaran, L., Wilkerson, E., 
& Downing, M. (2008). Exploring potential US switchgrass pro-
duction for lignocellulosic ethanol. ORNL/TM- 2007/183, Oak 
Ridge National Laboratory: Oak Ridge, Tennessee.

Hanssen, S. V., Daioglou, V., Steinmann, Z. J. N., Doelman, J. C., Van 
Vuuren, D. P., & Huijbregts, M. A. J. (2020). The climate change 
mitigation potential of bioenergy with carbon capture and stor-
age. Nature Climate Change, 10(11), 1023– 1029. https://doi.
org/10.1038/s4155 8- 020- 0885- y

Heaton, E. A., Dohleman, F. G., Miguez, A. F., Juvik, J. A., Lozovaya, 
V., Widholm, J., Zabotina, O. A., McIsaac, G. F., David, M. B., 
Voigt, T. B., & Boersma, N. N. (2010). Miscanthus: A promising 
biomass crop. Advances in Botanical Research, 56, 75– 137.

Heaton, E., Voigt, T., & Long, S. P. (2004). A quantitative review 
comparing the yields of two candidate C4 perennial biomass 
crops in relation to nitrogen, temperature and water. Biomass 
and Bioenergy, 27(1), 21– 30. https://doi.org/10.1016/j.biomb 
ioe.2003.10.005

https://doi.org/10.13012/B2IDB-3580461_V1
https://doi.org/10.13012/B2IDB-3580461_V1
https://orcid.org/0000-0002-1723-3009
https://orcid.org/0000-0002-1723-3009
https://orcid.org/0000-0002-1723-3009
https://orcid.org/0000-0003-1401-9661
https://orcid.org/0000-0003-1401-9661
https://orcid.org/0000-0003-3400-6286
https://orcid.org/0000-0003-3400-6286
https://orcid.org/0000-0003-3400-6286
https://orcid.org/0000-0002-8501-7164
https://orcid.org/0000-0002-8501-7164
https://orcid.org/0000-0003-4994-4451
https://orcid.org/0000-0003-4994-4451
https://doi.org/10.1007/s10021-012-9628-x
https://doi.org/10.1016/j.biombioe.2012.11.004
https://doi.org/10.1016/j.biombioe.2012.11.004
https://doi.org/10.1016/j.biombioe.2011.01.015
https://doi.org/10.1016/j.enpol.2012.05.057
https://doi.org/10.1016/j.enpol.2012.05.057
https://doi.org/10.1016/j.rser.2019.03.037
https://doi.org/10.1890/110003
https://doi.org/10.1890/110003
https://doi.org/10.1016/j.eneco.2016.01.015
https://doi.org/10.1016/j.eneco.2016.01.015
https://doi.org/10.1038/s41558-020-0885-y
https://doi.org/10.1038/s41558-020-0885-y
https://doi.org/10.1016/j.biombioe.2003.10.005
https://doi.org/10.1016/j.biombioe.2003.10.005


   | 19SHARMA et al.

Hudiburg, T. W., Davis, S. C., Parton, W., & Delucia, E. H. (2015). 
Bioenergy crop greenhouse gas mitigation potential under a 
range of management practices. GCB Bioenergy, 7(2), 366– 374. 
https://doi.org/10.1111/gcbb.12152

Jager, H. I., Baskaran, L. M., Brandt, C. C., Davis, E. B., Gunderson, 
C. A., & Wullschleger, S. D. (2010). Empirical geographic 
modeling of switchgrass yields in the United States. GCB 
Bioenergy, 2(5), 248– 257. https://doi.org/10.1111/j.1757- 1707. 
2010.01059.x

Jiang, W., Zipp, K. Y., & Jacobson, M. (2018). Economic assessment 
of landowners’ willingness to supply energy crops on mar-
ginal lands in the northeastern of the United States. Biomass 
and Bioenergy, 113, 22– 30. https://doi.org/10.1016/j.biomb 
ioe.2018.03.005

Kaiser, C. M., Clark, L. V., Juvik, J. A., Voigt, T. B., & Sacks, E. J. 
(2015). Characterizing a Miscanthus germplasm collection for 
yield, yield components, and genotype × environment interac-
tions. Crop Science, 55(5), 1978– 1994.

LeBauer, D., Kooper, R., Mulrooney, P., Rohde, S., Wang, D., Long, S. 
P., & Dietze, M. C. (2018). BETYdb: A yield, trait, and ecosys-
tem service database applied to second- generation bioenergy 
feedstock production. GCB Bioenergy, 10(1), 61– 71. https://doi.
org/10.1111/gcbb.12420

Lee, D. K., Aberle, E., Anderson, E. K., Anderson, W., Baldwin, B. 
S., Baltensperger, D., Barrett, M., Blumenthal, J., Bonos, S., 
Bouton, J., Bransby, D. I., Brummer, C., Burks, P. S., Chen, C., 
Daly, C., Egenolf, J., Farris, R. L., Fike, J. H., Gaussoin, R., … 
Owens, V. (2018). Biomass production of herbaceous energy 
crops in the United States: Field trial results and yield potential 
maps from the multiyear regional feedstock partnership. GCB 
Bioenergy, 10(10), 698– 716. https://doi.org/10.1111/gcbb.12493

Lee, D. K., Parrish, A. S., & Voigt, T. B. (2014). Switchgrass and 
giant miscanthus agronomy. In Y. Shastri, A. Hansen, L. 
Rodríguez, & K. Ting (Eds.), Engineering and science of bio-
mass feedstock production and provision. Springer. https://doi.
org/10.1007/978- 1- 4899- 8014- 4_3

Lewandowski, I., Clifton- Brown, J. C., Scurlock, J. M. O., & Huisman, 
W. (2000). Miscanthus: European experience with a novel en-
ergy crop. Biomass and Bioenergy, 19(4), 209– 227. https://doi.
org/10.1016/S0961 - 9534(00)00032 - 5

Maughan, M., Bollero, G., Lee, D., Darmody, R., Bonos, S., Cortese, L., 
Murphy, J., Gaussoin, R., Sousek, M., Williams, D., & Williams, 
L. (2012). Miscanthus x giganteus productivity: The effects of 
management in different environments. GCB Bioenergy, 4(3), 
253– 265.

Miguez, F. E., Villamil, M. B., Long, S. P., & Bollero, G. A. (2008). Meta- 
analysis of the effects of management factors on Miscanthus x 
giganteus growth and biomass production. Agricultural and 
Forest Meteorology, 148(8– 9), 1280– 1292.

Parrish, D. J., & Fike, J. H. (2005). The biology and agron-
omy of  switchgrass for biofuels. Critical Reviews in Plant 
Sciences,  24(5– 6), 423– 459. https://doi.org/10.1080/07352 
68050 0316433

Pyter, R., Heaton, E., Dohleman, F., Voigt, T., & Long, S. P. (2009). 
Agronomic experiences with Miscanthus x giganteus in Illinois, 
USA. In J. Mielenz (Ed.), Biofuels. Methods in molecular biology 
(methods and protocols) (Vol. 581). Humana Press. https://doi.
org/10.1007/978- 1- 60761 - 214- 8_3

Sanford, G. R., Oates, L. G., Jasrotia, P., Thelen, K. D., Robertson, 
G. P., & Jackson, R. D. (2016). Comparative productivity of al-
ternative cellulosic bioenergy cropping systems in the North 
Central USA. Agriculture, Ecosystems & Environment, 216, 344– 
355. https://doi.org/10.1016/j.agee.2015.10.018

Stoof, C. R., Richards, B. K., Woodbury, P. B., Fabio, E. S., Brumbach, 
A. R., Cherney, J., Das, S., Geohring, L., Hansen, J., Hornesky, 
J., Mayton, H., Mason, C., Ruestow, G., Smart, L. B., Volk, T. 
A., & Steenhuis, T. S. (2015). Untapped potential: Opportunities 
and challenges for sustainable bioenergy production from mar-
ginal lands in the Northeast USA. Bioenergy Research, 8(2), 
482– 501. https://doi.org/10.1007/s1215 5- 014- 9515- 8

Tejera, M., Boersma, N., Vanloocke, A., Archontoulis, S., Dixon, 
P., Miguez, F., & Heaton, E. (2019). Multi- year and multi- site 
establishment of the perennial biomass crop Miscanthus x gi-
ganteus using a staggered start design to elucidate N response. 
Bioenergy Research, 12(3), 471– 483.

Tejera, M., & Heaton, E. (2019). Miscanthus x giganteus yield in a 
Repeated Planting Year (REPLAY) experiment across three sites 
in Iowa, USA. Mendeley Data, V3. https://doi.org/10.17632/ 
zff2y zfmx9.3

Thomason, W. E., Raun, W. R., Johnson, G. V., Taliaferro, C. 
M., Freeman, K. W., Wynn, K. J., & Mullen, R. W. (2005). 
Switchgrass response to harvest frequency and time and rate of 
applied nitrogen. Journal of Plant Nutrition, 27(7), 1199– 1226. 
https://doi.org/10.1081/PLN- 12003 8544

Wang, D. A. N., Lebauer, D. S., & Dietze, M. C. (2010). A quanti-
tative review comparing the yield of switchgrass in mono-
cultures and mixtures in relation to climate and man-
agement factors. GCB Bioenergy, 2(1), 16– 25. https://doi.
org/10.1111/j.1757- 1707.2010.01035.x

Wullschleger, S. D., Davis, E. B., Borsuk, M. E., Gunderson, C. A., & 
Lynd, L. R. (2010). Biomass production in switchgrass across 
the United States: Database description and determinants 
of yield. Agronomy Journal, 102(4), 1158– 1168. https://doi.
org/10.2134/agron j2010.0087

Zumpf, C., Lee, M. S., Thapa, S., Guo, J., Mitchell, R., Volenec, J. J., 
& Lee, D. (2019). Impact of warm- season grass management on 
feedstock production on marginal farmland in Central Illinois. 
GCB Bioenergy, 11(10), 1202– 1214. https://doi.org/10.1111/
gcbb.12627

SUPPORTING INFORMATION
Additional supporting information may be found in the 
online version of the article at the publisher’s website.

How to cite this article: Sharma, B. P., Zhang, N., 
Lee, D., Heaton, E., Delucia, E. H., Sacks, E. J., 
Kantola, I. B., Boersma, N. N., Long, S. P., Voigt, T. 
B., & Khanna, M. (2022). Responsiveness of 
miscanthus and switchgrass yields to stand age and 
nitrogen fertilization: A meta- regression analysis. 
GCB Bioenergy, 00, 1– 19. https://doi.org/10.1111/
gcbb.12929

https://doi.org/10.1111/gcbb.12152
https://doi.org/10.1111/j.1757-1707.2010.01059.x
https://doi.org/10.1111/j.1757-1707.2010.01059.x
https://doi.org/10.1016/j.biombioe.2018.03.005
https://doi.org/10.1016/j.biombioe.2018.03.005
https://doi.org/10.1111/gcbb.12420
https://doi.org/10.1111/gcbb.12420
https://doi.org/10.1111/gcbb.12493
https://doi.org/10.1007/978-1-4899-8014-4_3
https://doi.org/10.1007/978-1-4899-8014-4_3
https://doi.org/10.1016/S0961-9534(00)00032-5
https://doi.org/10.1016/S0961-9534(00)00032-5
https://doi.org/10.1080/07352680500316433
https://doi.org/10.1080/07352680500316433
https://doi.org/10.1007/978-1-60761-214-8_3
https://doi.org/10.1007/978-1-60761-214-8_3
https://doi.org/10.1016/j.agee.2015.10.018
https://doi.org/10.1007/s12155-014-9515-8
https://doi.org/10.17632/zff2yzfmx9.3
https://doi.org/10.17632/zff2yzfmx9.3
https://doi.org/10.1081/PLN-120038544
https://doi.org/10.1111/j.1757-1707.2010.01035.x
https://doi.org/10.1111/j.1757-1707.2010.01035.x
https://doi.org/10.2134/agronj2010.0087
https://doi.org/10.2134/agronj2010.0087
https://doi.org/10.1111/gcbb.12627
https://doi.org/10.1111/gcbb.12627
https://doi.org/10.1111/gcbb.12929
https://doi.org/10.1111/gcbb.12929

