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Abstract In this work, we explore the ability of several char-
acterization approaches for phenotyping to extract informa-
tion about plant cell wall properties in diverse maize geno-
types with the goal of identifying approaches that could be
used to predict the plant’s response to deconstruction in a
biomass-to-biofuel process. Specifically, a maize diversity
panel was subjected to two high-throughput biomass charac-
terization approaches, pyrolysis molecular beam mass spec-
trometry (py-MBMS) and near-infrared (NIR) spectroscopy,
and chemometric models to predict a number of plant cell wall
properties as well as enzymatic hydrolysis yields of glucose
following either no pretreatment or with mild alkaline

pretreatment. These were compared to multiple linear regres-
sion (MLR) models developed from quantified properties. We
were able to demonstrate that direct correlations to specific
mass spectrometry ions from pyrolysis as well as characteris-
tic regions of the second derivative of the NIR spectrum re-
gions were comparable in their predictive capability to partial
least squares (PLS) models for p-coumarate content, while the
direct correlation to the spectral data was superior to the PLS
for Klason lignin content and guaiacyl monomer release by
thioacidolysis as assessed by cross-validation. The PLS
models for prediction of hydrolysis yields using either py-
MBMS or NIR spectra were superior to MLR models based
on quantified properties for unpretreated biomass. However,
the PLS models using the two high-throughput characteriza-
tion approaches could not predict hydrolysis following alka-
line pretreatment while MLR models based on quantified
properties could. This is likely a consequence of quantified
properties including some assessments of pretreated biomass,
while the py-MBMS and NIR only utilized untreated biomass.

Keywords Analytical pyrolysis . Plant cell wall property
prediction . Py-MBMS . NIR . Chemometrics . PLS
regression

Introduction

Lignocellulose biorefining technologies, whereby non-food
plant biomass is utilized to produce biofuels, have the poten-
tial to yield liquid fuels that are sustainable, contribute to rural
agricultural economies, and have a significantly lower CO2

footprint than fossil-derived fuels [1]. Biorefineries
employing a conversion pathway that involves a chemical
pretreatment and enzymatic hydrolysis, followed by fermen-
tation of the cellulose- and hemicellulose-derived sugars to
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ethanol, have begun to be deployed commercially in the USA,
Europe, and Brazil [2]. These processes utilize mostly
graminaceous agricultural residues such as corn stover, wheat
straw, and sugarcane bagasse with future plans to potentially
employ perennial grasses such as switchgrass and giant reed
(Arundo donax) among others. The properties of the biomass
feedstock are an obvious and well-recognized contributor to
both the economics and technological feasibility of lignocel-
lulosic biorefining technologies. As such, in parallel with im-
provements in processing technologies, developing biomass
cultivars with attractive agronomic traits (e.g., yield, growth,
drought tolerance) and/or processing traits (e.g., Brecalci-
trance^ or response to a conversion process, generation of
fermentation inhibitors, sugar yields) is an important target
for the developing cellulosic biofuel industry. As a conse-
quence, there is clearly an important need for biomass charac-
terization techniques that can provide meaningful information
about a particular phenotypic trait of a plant such as cell wall
composition, cell wall organization, or processability. Plant
biomass is comprised primarily of cell walls by mass, which
are, in turn, comprised primarily of the biopolymers that in-
clude cellulose, hemicellulose, and lignin. Awide range of wet
chemical approaches are available for determining the content
of structural polysaccharides and lignins in plants [3–9].
Select compositional and structural features of the plant cell
wall are known to exert a positive or negative impact on the
plant’s response to specific conditions for pretreatment and
enzymatic hydrolysis [10, 11], with lignin content and its al-
teration during pretreatment as an obvious example [12].
Saponifiable acetate and hydroxycinnamates may influence
the response to hydrolysis only, pretreatment and hydrolysis,
and ruminant digestibility [10, 13, 14] and, furthermore, can
act as fermentation inhibitors [15]. Additionally, differences in
pectic polysaccharides [16] and even the content of extractives
[17] have been linked recently to differences in the cell wall’s
response to pretreatment and enzymatic hydrolysis. Other
work has attempted to link structural properties, including
how plant cell walls and their surfaces sorb water [18], to
the cell wall’s response to enzymatic hydrolysis. However,
determining the sugar yields and potentially hydrolysate
fermentability of a particular biomass feedstock following a
pretreatment and enzymatic hydrolysis based solely on com-
positional or structural data is not sufficiently informative and
typically requires the collection of empirical data under rele-
vant conditions.

In the context of lignocellulosic biorefineries, extracting
information about plant cell wall composition or processabil-
ity utilizing high-throughput characterization approaches is
important in at least two relevant applications. In the first
application, high-throughput characterization can be applied
as a tool for screening large panels of plant biomass samples
representing differences in genotype, environment, or plant
development stage to identify phenotypes that are promising

for a specific conversion process or set of processing condi-
tions. It should be noted that a Breduced recalcitrance^ pheno-
type and the cell wall properties contributing to this phenotype
differ depending on whether a pretreatment is performed, the
type and severity of the pretreatment, and the conditions used
for enzymatic hydrolysis [10, 19–21]. In a lignocellulosic bio-
fuel process, it is expected that even when utilizing a single
feedstock such as corn stover, substantial variability will be
encountered as a consequence of differences in the feedstock’s
genotype, growth conditions and inputs, environment, harvest
time, and storage history. Therefore, a second important po-
tential application for high-throughput biomass characteriza-
tion would be to assess variability in feedstock quality and to
use this information to determine necessary processing condi-
tions (e.g., pretreatment conditions, enzyme loadings, and/or
hydrolysis times) to reach a target sugar yield.

Wet chemical methods have been developed and employed
that are high-throughput and automated and utilize small sam-
ple masses for composition analysis [7, 8, 22], and which can
be used to assess the response to pretreatment and hydrolysis
[23–26]. However, these techniques may still require time-
consuming sample preparation and often may lack relevant
information that is provided by other lower-throughput
methods. While wet chemical data are preferable, a number
of high-throughput biomass characterization approaches are
available based on indirect characterization methods. These
high-throughput approaches for characterizing plant cell wall
composition, properties, or the response to processing include
non-destructive techniques such as infrared spectroscopy
[27–30], Raman scattering spectroscopy [27], NMR spectros-
copy [31], and destructive characterization techniques such as
analytical pyrolysis [32, 33]. While direct correlations be-
tween the data obtained from these techniques and the plant
cell wall property of interest have been established [34], these
techniques are typically coupled to chemometric models.
These include principal component analysis (PCA) that can
be applied to reduce the dimensionality and remove linear
correlations within the data set and partial least squares
(PLS) regression models that can be applied to correlate the
principal components to easily identifiable cell wall features.
However, using either approach requires accurate wet chemi-
cal data to calibrate and validate the models.

Relevant to the current work, both infrared spectroscopy
and analytical pyrolysis have been widely applied as high-
throughput tools for characterizing plant biomass and have
been the subject of a recent review [35]. As examples, infrared
spectroscopy has been applied to predict composition [28, 30,
36, 37] including the content and monomer residue abundance
for structural polysaccharides, lignin, and extractives as well
as minor compositional differences (e.g., hemicellulose
sugars, uronic acids, acetate, hydroxycinnamates), water-
extractable sugars and starch, nitrogen content [29], and lignin
properties such as syringyl-to-guaiacyl (S/G) ratio [38] or total
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lignin content [39]. Infrared spectral assignments for lignins
are made either empirically or based on known assignments
for model compounds [40]. Analytical pyrolysis has been
used as a tool for characterizing macromolecules, including
plant cell wall polymers by profiling the major pyrolysis-
derived cell wall fragments by mass spectrometry [41, 42].
Although lignin macromolecules are relatively difficult to be
depolymerized by traditional wet chemistry methods, lignin
properties such as S/G ratio and hydroxycinnamic acid con-
tent have been assessed by pyrolysis gas chromatography and
mass spectrometry (py-GC/MS) of these pyrolyzable lignin-
derived fragments [43]. Pyrolysis molecular beam mass spec-
trometry (py-MBMS) profiles the entire set of molecular ion
peaks without GC separation, which increases the throughput.
As examples, py-MBMS coupled to PLS regression has been
applied to predict composition [33] or lignin content in grasses
[44, 45] and in diverse herbaceous plants subjected to diverse
pretreatments [32]. These techniques have been extended to
predict the response of the plant cell wall to a deconstruction
and conversion process. For example, PLS models have been
used to predict enzymatic hydrolysis yields or in vitro rumi-
nant digestibility from infrared spectra for diverse feedstocks
including untreated grasses [46], dilute acid-pretreated grasses
(based on feedstock analysis prior to pretreatment) [47],
alkali-pretreated diverse grasses and hardwoods (based on
feedstock analysis following pretreatment composition) [48],
and AFEX pretreatment of rice straw [49], although with poor
results. As a final example of relating hydrolysis yields to cell
wall properties, other types of models have been developed to
relate the cell wall properties including cellulose crystallinity
[50], lignin content, and p-coumaric and ferulic acid content
[51] to hydrolysis yields by either neural network [52] or
regression models [51].

In our previous work, we identified correlations between
responses to pretreatment and enzymatic hydrolysis yields and
cell wall properties such as composition, lignin content, S/G
ratio, and the hydroxycinnamic content in a maize diversity
panel [10]. Using the same sample set, in the present study,
py-MBMS and near-infrared (NIR) characterization are ap-
plied and several modeling approaches are employed to pre-
dict cell wall properties and the cell wall’s response to alkaline
pretreatment and enzymatic hydrolysis. Specifically, in the
first part of this work, PCA is applied to the py-MBMS spectra
obtained from the complete maize diversity panel in addition
to several other diverse grasses to identify cell wall properties
that contribute most strongly to the variance in the principal
components and how these can be used to distinguish between
the plant species and diverse maize genotypes. Next, py-
MBMS and NIR spectra from the maize diversity panel are
used to develop PLSmodels to predict cell wall properties and
hydrolysis yields for untreated and mild alkali-pretreated bio-
mass. The performance of these PLS models for predicting
hydrolysis yields based on indirect characterization is next

compared to the performance of multiple linear regression
(MLR) models based on the direct quantification of biomass
properties. Conclusions are drawn about the capability of the
various characterization and modeling techniques to extract
information relevant to predicting the deconstruction and con-
version behavior of this sample set.

Materials and Methods

Generation of Biological Materials

The maize diversity panel comprising biological replicates of
27 lines was described in our previous work [10]. Briefly, the
set of lines was grown in four row plots in Arlington,
Wisconsin, during the summer of 2012. Rows are 6.8 m long
and 0.7 m between rows and planted at a target density of
approximately 70,000 plants per ha. Plants were harvested at
grain physiological maturity using a modified single path com-
bine, which allows harvest and separation of grain and biomass
simultaneously. A sub-sample of approximately 1 kg per plot
was obtained and dried at 50 °C for approximately 7 days.
Samples of Miscanthus (Miscanthus × giganteus), sideoats
grama (Bouteloua curtipendula Michx.), and big bluestem
(Andropogon gerardii) were obtained from the Michigan
State University Crop and Soil Science Research Farm as re-
ported previously [53]. Two cultivars of switchgrass (Panicum
virgatum L.) were employed in this work. The upland cultivar
BShawnee^ was grown at the Arlington Agricultural Research
Station in Arlington, Wisconsin, as reported in previous work
[54] and harvested in Fall 2011. The lowland cultivar BAlamo^
was grown in Ardmore, Oklahoma, and provided the Samuel
Roberts Noble Foundation and was harvested in November
2007. The dried material for all samples was further ground
to pass through a 1-mm mesh prior to analysis.

The approach for alkaline pretreatment, enzymatic hydro-
lysis, and estimation of yields was also reported in our previ-
ous work [10]. Briefly, for alkaline pretreatment, approximate-
ly 2.0 g of air-dried biomass of known moisture content was
added to 20 mL of 0.8 % (wt/wt) NaOH aqueous solution and
incubated in a water bath at 80 °C for 1 h. After pretreatment,
the liquid was removed via filtration and the residual biomass
was washed by deionized water until the wash water was
neutral. The mass yields for pretreatment was determined by
measuring the difference between the mass of the original and
air-dried pretreated materials on a dry basis. The enzymatic
hydrolysis was performed at pH 5.0 using 50 mM Na-citrate
buffer, 50 °C, with orbital shaking at 180 rpm, and an enzyme
loading of 30 mg protein/g glucan (CTec2, Novozymes A/S,
Bagsværd, Denmark) for 6 h (untreated) or 72 h (pretreated).
The glucan yield was determined as the amount of glucan
released after enzymatic hydrolysis as a fraction of the glucan
content in the samples following pretreatment.
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Physical Characterization of Biomass Samples

The characterization methods for structural carbohydrates, ac-
etate, hydroxycinnamates, and water retention values (WRVs)
for the maize diversity panel were reported in our previous
work [10]. The hydroxycinnamates were determined by sa-
ponification of 0.5 g of dry biomass samples in 25 mL of 3 M
NaOH at 120 °C for 1 h. After cooling to room temperature,
250 μL of 10 mg/mL o-coumaric acid in methanol was added
as an internal standard. The mixture was transferred to 1.5-mL
centrifuge tubes and centrifuged at 13,000 rpm for 10 min.
The pH of the supernatant was adjusted to 2.0 using concen-
trated HCl, and the samples were then stored overnight at
4 °C. These samples were subsequently analyzed by HPLC
(Agilent 1100 Series) equipped with a C18 column
(Discovery, 5 μm particle size, 500 × 2.1 mm; Sigma-
Aldrich). The binary solvent gradient consisted with detection
at 280 nm. The binary solvent gradient consisted of a 1 %
acetic acid in water (solvent A) and 1 % acetic acid in 50 %
aqueous methanol (solvent B). The flow of solvent B was
increased by 5 % per min until 80 % solvent B was reach,
and this was held for 3 min followed by increasing to 100 %
solvent for 5 min and returning to solvent A for 5 min.
Quantitative thioacidolysis was performed according to the
procedure described in previous work [43]. A complete prop-
erty data set is available in supplemental materials
(Supplemental Table S1).

The py-MBMS analysis was performed according to the
methods outlined previously [44] with the complete py-
MBMS spectra for this data set that are available as supplemen-
tal materials (Supplemental Table S2). NIR reflectance spectra
over the range of 800–2500 nm were obtained using a Foss
NIRS DS2500 (Foss North America, Eden Prairie, MN). Each
dried and ground (<1 mm) sample was scanned in replicates,
and the average of three to six measurements was used in the
analysis. The complete NIR spectra for this data set are avail-
able as supplemental materials (Supplemental Table S3).

Model Development and Analysis

The PCA for between-species comparison was performed on
duplicate biomass samples and py-MBMS spectra in the range
of 51–450 m/z without autoscaling using the princomp func-
tion in MATLAB (MathWorks, Natick, MA). PLS models
were developed using the plsregress function in MATLAB,
which employs SIMPLS as proposed by de Jong [55] whereby
the data are mean-centered but not rescaled with respect to the
standard deviation. A range of 30–450 m/z was used for the
py-MBMS data and second derivatives of the NIR spectra in
the range of 1400 to 2500 nm.

Combinations of the 12 previously described cell wall prop-
erties were employed in MLR models to predict pretreated or
untreated hydrolysis yields. Several model selection algorithms

were compared, including Akaike information criterion (AIC)
and Bayesian information criterion (BIC). Stepwise selection
was performed using the R software environment and the
stepAIC function in the MASS package and regsubsets func-
tion in LEAPS package, respectively. The multiple R2 values
were compared for the selected models, and the model with the
least number of variables and the highest value of R2 was se-
lected to predict the hydrolysis rate of untreated maize and
hydrolysis yield of the pretreated maize.

Results and Discussion

Principal Component Analysis of Py-MBMS Spectra

The use of chemometric techniques (e.g., principal component
or discriminant analysis) to classify or distinguish phylogenet-
ically diverse plants is relatively straightforward when signifi-
cant compositional differences may contribute to variability in
the high-dimensionality descriptor data set. There are abundant
examples in the literature that demonstrate that principal com-
ponents (PCs) obtained from py-MBMS spectra can be utilized
for classification of grasses [56], diverse plants and cell wall
polymers [57], and diverse pretreatments [35].When applied to
more closely related species or even within species diversity,
extracting information that distinguishes phenotypic differ-
ences may be more challenging. In this part of the work, the
principal components derived from the py-MBMS spectra of a
maize diversity panel consisting of 27 maize lines described
previously plus four other grass species including two cultivars
of switchgrass, Miscanthus, sideoats grama, and big bluestem.
These results demonstrate firstly that the diverse maize lines
can be segregated from the other grasses only in the third PC
(PC3) (Fig. 1a), with additional PCs not demonstrating clear
differences between biomass classes (data not shown).

These diverse grasses exhibit substantial structural differ-
ences as well as substantial differences in composition.
Compositional differences include differences in the relative
abundance of the main cell wall biopolymers (i.e., lignins,
hemicelluloses, and cellulose), the monomer makeup of these
biopolymers, and the relative abundance and spectrum of ex-
tractives in the plants. Lastly, minor structural components in-
cluding acyl substitutions on lignins and hemicelluloses (i.e.,
acetyl and p-coumaryl esters), ferulate ester and ether cross-
links in lignins and hemicelluloses, and pectic polysaccharide
content may have important implications for the higher-order
structure of plant cell walls and, furthermore, may represent
substantial diversity between plants. It should be noted that
rather than differences between a single chemical structural
feature of cell wall polymers and extractives of the different
biomass samples, PCA of py-MBMS spectra can identify mul-
tiple features simultaneously. Quantifiable compositional dif-
ferences between the maize diversity panel and the diverse
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grasses that could be manifested in differences in py-MBMS
spectra are the hydroxycinnamic acid content (i.e., p-coumaric
acid and ferulate) as shown in Fig. 1b, the syringyl and guaiacyl
monomer yield and ratio as determined by thioacidolysis
(Fig. 1c), and the lignin and acetate content (Fig. 1d).

To assess individual molecular ion contributions to the dif-
ferences in the PCs, PC loadings are plotted (Fig. 2). A num-
ber of molecular ion peaks that may contribute to the differ-
ences between maize panel and the other grasses are highlight-
ed. Among other peaks, this shows that molecular ion peaks at
120 and 150 m/z can be linked to differences in PC3. These
two peaks have previously been demonstrated to be derived
from 4-vinylphenol and 4-vinylguaiacol, respectively, which,
in turn, are the pyrolysis products of cell wall biopolymer-
associated p-coumarate and ferulate and have been implicated
in the past as contributing to substantial differences in the
pyrolytic products of graminaceous monocots versus dicots

[42, 58]. While clearly there are other significant differences
within this sample set, differences in hydroxycinnamate abun-
dance can be clearly implicated as a substantial contributor to
the variance in the py-MBMS spectra and as well as a property
capable of discriminating between diverse grasses.

Prediction of Cell Wall Properties in Diverse Maize Lines
from Py-MBMS and NIR Spectra

As just demonstrated, discriminating differences in the pyro-
lytic products in taxonomically diverse plants or between tax-
onomically related species may be possible due to substantial
differences in composition. However, in comparing closely
related samples (e.g., within-species diversity, association
panels, or isogenic lines grown under different conditions), it
may be more difficult to confidently assess minor phenotypic
differences. For the next part of this work, the goals were to

Fig. 1 Observable differences in
the a first three principal
components representing 72.6 %
of the variance in the py-MBMS
spectra for the maize diverse
panel plus five other grasses
together with the properties that
may contribute to these
differences including b the
hydroxycinnamic acid content of
these samples, c the lignin-
derived monomer yields and S/G
ratios of the maize diversity panel
as determined by thioacidolysis,
and d the Klason lignin and
saponifiable acetate content of
these samples

Fig. 2 Contribution of individual
molecular ions from the py-
MBMS spectra to the first three
principal components for the PCA
of the maize diversity panel plus
five other grasses
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understand how variance within the py-MBMS and NIR spec-
tra for the maize diversity panel could be related to minor
compositional differences including Klason lignin content,
syringyl and guaiacyl lignin monomer release by
thioacidolysis, hydroxycinnamate content, and acetate content
through either direct correlations to specific molecular ions
(py-MBMS) or wavelengths (NIR) or through application of
partial least squares (PLS) regression models.

The example spectra for py-MBMS and NIR are presented
in the top panels of Fig. 3(a, b), respectively, while the corre-
sponding heat maps showing the strength of the linear corre-
lation between regions of the py-MBMS or NIR spectra and
quantified cell wall properties or composition (glucan, xylan,
Klason lignin, guaiacyl and syringyl monomer yields from
thioacidolysis, hydroxycinnamate content, and acetate con-
tent) from the complete maize diversity panel are presented
in the bottom panels of Fig. 3(a, b). The NIR spectra were
normalized as the second derivative of reflectance with respect
to wavelength in order to remove baseline differences prior to
analysis. Select individual mass ion peaks from the py-MBMS
spectra or wavelengths from NIR data exhibit strong correla-
tions to individual properties may act as diagnostic peaks for
these properties (Figs. 4 and 5). From these results, a number
of important observations can be made. In comparing the cor-
relations between maize cell wall properties and the py-
MBMS spectra, substantial differences can be observed be-
tween the first three categories in the heat map (glucan, xylan,
and Klason lignin). These show that regions of the py-MBMS

spectra characteristic for each of the cell wall biopolymer frac-
tions exhibit positive correlations (i.e., these are more green in
the heat map) and that regions correlated to another biopoly-
mer fraction exhibit negative correlations (i.e., these are more
red in the heat map). Regions of the spectra that may derive
from pyrolysis products of hexosans, including 60, 73, and
114 m/z as identified in previous work [56], are positively
correlated to glucan and exhibit negative correlations to lignin
and xylan (Fig. 3(a)). This relationship is reasonable as sam-
ples with elevated glucan contents would simultaneously ex-
hibit lower lignin and xylan contents. A similar phenomenon
is observed for the NIR data (Fig. 3(b)) whereby glucan and
lignin exhibit opposite correlation strengths for some regions
of the spectra as a consequence of higher lignin contents cor-
responding to lower polysaccharide contents. As another ex-
ample of this phenomenon, clusters of peaks centering on 68,
81, and 95 m/z in the py-MBMS spectra (Fig. 3(a)) have been
identified as originating from extractives [42] and correspond
to strong negative correlations to most of the other properties.

Another important observation is that many of the proper-
ties presented exhibit similar profiles in the heat map, includ-
ing Klason lignin, guaiacyl and syringyl monomer release by
thioacidolysis, p-coumarate, and acetate for both the py-
MBMS spectra (Fig. 3(a)) and the NIR spectra (Fig. 3(b)).
This is not surprising, as some of these properties were found
to be strongly positively correlated to each other for this maize
diversity panel in our previous work [10]. As such, it should
be stressed that specific molecular ion peaks from the py-

Fig. 3 Characteristic spectra for a py-MBMS (top panel) and b NIR (top panel) and heat maps of Pearson’s correlation coefficients (bottom panels)
between quantified cell wall properties from the complete maize diversity panel and the respective set of spectral data
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MBMS spectra or regions of the NIR spectra exhibiting strong
correlations to a compositional property do not necessarily
imply that these are diagnostic for that compositional property.
For example, while there are many molecular ion peaks that
are strongly correlated to acetate content (Fig. 3(a)), it is not
possible to ascertain whether these correlations are indepen-
dent of other compositional contributions. Our previous work
with this sample set found acetate to be strongly positively
correlated to both lignin content and p-coumarate content
[10]; therefore, it is reasonable that strong positive correlations
to molecular ion peaks with masses greater than that of acetate
(137, 152, 180, and 210m/z) are not actually diagnostic peaks
but are due to the correlation of acetate content to other prop-
erties such as lignin content. It is notable that the ferulate
exhibits distinct correlation profiles from any of the other ar-
omatics in both the py-MBMS spectra and the NIR spectra.
This indicates that this property can be individually differen-
tiated from the other aromatics as in the py-MBMS spectra
(Fig. 3(a)) or cannot be uncoupled from the signal of other
aromatics in the NIR (Fig. 3(b)), resulting in a poor correlation
across the entire measured spectra.

In the py-MBMS spectra, a number of peaks can be clearly
identified as exhibiting strong positive correlations to the p-
coumarate (pCA) content (91 and 120m/z; Fig. 4a) and ferulate
(FA) content (107, 135, and 150m/z; Fig. 4b). These molecular
ion peaks have previously been linked to 4-vinylguaiacol and 4-

vinylphenol, respectively [42], representing the pyrolytic prod-
ucts of these two hydroxycinnamic acids and provide strong
evidence that this correlations identified are indeed authentic.
Interestingly, Penning et al. found no correlation between 120
and 150m/zmolecular ion peaks from py-MBMS and the pCA
andFAcontent indiverse switchgrass samples [45], although the
authors employed a different analytical method for both sapon-
ifying and quantifying alkali-solubilized hydroxycinnamate
monomers. An additional difference is that the biomass samples
in the present study did not have extractives removed prior to
either py-MBMS or wet chemical analysis. Other strong indi-
vidual correlations were identified from the analysis and diag-
nostic peaks for both guaiacyl monomer and total Klason lignin
atmass ion peaks of 137 and 180m/z (Fig. 4c, d). Previouswork
employing py-MBMS of 282 maize lines identified strong
(R2 > 0.85), significant correlations between the abundance of
guaiacyl monomers released by CuO oxidation and the sum of
mass ion peaks at 124, 137, 138, and 151 m/z and between the
syringyl monomers released by CuO oxidation and the sum of
mass ion peaks at 154, 167, 168, and 198m/z [45]. These com-
binations ofmass ion peaks did not yield significant correlations
in the present data set for guaiacyl or syringylmonomer released
by thioacidolysis (data not shown). Reasons for this may be
differences in the fractionof ligninmonomersquantifiedbyeach
method, potentiallywithCuOoxidation yieldingmonomers in a
similar proportion to what is obtained by pyrolysis.

Fig. 4 Example correlations
between individual molecular ion
peaks from py-MBMS spectra
biomass properties for the maize
diverse panel including a p-
coumarate, b ferulate, c guaiacyl
monomer release by
thioacidolysis, and d Klason
lignin
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Notable regions of the NIR spectra that exhibit the strongest
correlations to select compositional properties (Fig. 3(b)) are
replotted in Fig. 5. From this plot, it can be observed that pCA
exhibits the strongest correlationsofanyof theproperties includ-
ing regions of the spectra at 1620, 1674, 2285, and 2336 nm
(Fig. 5a). While slightly less significant than the pCA correla-
tions, the NIR spectra in the regions of 1668, 1686, 1741, and
1974 nm can be correlated to the cell wall Klason lignin content
(Fig. 5b). Previous studieshaveproposed that regionsof theNIR
spectra corresponding to 1682 nm can be correlated to BC=O
stretching^ and 1688 nm to Baromatics^ in wood lignins [27].
While exhibiting similarpatterns tobothKlason lignin andpCA,
distinct regions of the NIR spectra can be identified exhibiting
significant correlations to both syringyl and guaiacylmonomers
released by thioacidolysis (Fig. 3(b)). These include 1726 and
2140nmforguaiacylmonomers (Fig.5c)and1595and2231nm
for syringylmonomers (Fig.5d).Previousempirical correlations
have been identified at 1595 nmwith the assignment Bguaiacyl-
syringyl^ [34], while 1715 and 1722 has been linked to C=O
stretching in hardwood and softwood lignins [59].

General trends observed for both the direct correlations
from the py-MBMS and NIR spectra are that pCA content
gives the strongest correlations (slightly higher for py-

MBMS) followed by both guaiacyl monomer release by
thioacidolysis (again, slightly higher for py-MBMS) and
Klason lignin content (slightly higher for NIR). Notable dif-
ferences in the direct prediction capability of the two analyti-
cal methods are that unlike the NIR data set, the py-MBMS
data is not able to provide a robust prediction of syringyl
monomer released by thioacidolysis. A second notable differ-
ence is that, unlike the model developed from the py-MBMS
data set, the NIR data set is unable to predict ferulate content.
This could be a consequence of the difficulty in distinguishing
ferulate and guaiacyl monomers using non-destructive infra-
red characterization, whereas py-MBMS releases volatilizes
the ferulate and its pyrolytic products can be quantified.

PLSmodelswere next applied to predict plant cell wall prop-
erties (Klason lignin content, hydroxycinnamate content, and
acetate content) within the maize diversity panel to determine
whether multivariate combinations of the py-MBMSmolecular
ion spectra or NIR spectra could provide robust predictions of
these properties. Importantly, in developing thesemodels, cross-
validation was applied to assess model generalizability to a val-
idation set to prevent over-fittingof themodel. For thesemodels,
the py-MBMSmolecular ion abundance from 30 to 450 m/z or
the NIR second derivative of reflectance from 1400 to 2500 nm

Fig. 5 Example correlations
between regions of the NIR
spectra and select cell wall
properties including a p-
coumarate, b Klason lignin, c
guaiacyl, and d syringyl
monomer release by
thioacidolysis
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was utilized without scaling. Themodel performance as a func-
tion of the number of PCs utilized is presented in Fig. 6. It can
observed that the R2 for the model prediction in the calibration

data set (R2
Cal ) increaseswith the number of PCs (Fig. 6a, c) and

will reach1.00 ifenoughPCsareemployed.ThisR2
Cal is identical

to the variance in thepredictionvariable explainedby themodel,
and it can be observed that utilizing eight PCs or more captures
more than 99.5 % of the variance in the prediction variables for
the py-MBMSdata (Fig. 6a) and, with the exception of ferulate,
utilizing 14 PCs or more captures more than 99.5 % of the vari-
ance in the prediction for the NIR data (Fig. 6c). However, uti-
lizing this, many PCs would likely over-fit the models as a sub-
stantial amount of this variance may not be explainable by the
measurements or may be associated with measurement noise or
random error. For this reason, cross-validation is applied to as-
sess the robustness of themodels and determine howmany PCs
should be utilized in a predictionmodel.

ForPLSregressionmodels,R2 for cross-validation (R2
CV )can

be utilized to assess the model goodness-of-fit [60] and can in-
cludeutilizingcombinationsofsubsetsofdataand/orapplication
of an independent validation set. Assessment of PLSmodel per-
formance is often through the root-mean-square error (RMSE)
associatedwith themodelpredictionand is sometimesdefinedas
a predicted residual sum of squares (PRESS) when applied to a

validation data set and provides an absolute assessment of the
error associated with a predicted variable [61]. In the present
work, R2 terms are employed consistently as this metric can
provide comparisons between variables of differingmagnitudes
(e.g., Fig. 6).As the sample setwas relatively small in thepresent
work (i.e., 27 samples with duplicate measurements for py-
MBMS or three to six replicates for NIR), the Bleave-one-out^
approach for cross-validation was applied. The Bone^ in the
leave-one-out approach included all replicate measurements;
otherwise, the cross-validation would be irrelevant since R2

CV

as well as R2
Cal would approach unity as the number of PCs is

increased. The results for R2
CV show that, at most, three or four

PCsfromthepy-MBMSspectra (Fig.6b)andsix to tenPCsfrom
the NIR spectra (Fig. 6d) could be utilized for making property

predictions with the PLSmodels without decreasing the R2
CV.

A number of trends in the property prediction capability are
shared for direct correlation approaches (Figs. 4 and 5) and the
PLS model predictions (Fig. 6). Specifically, the cross-
validation results (Fig. 6b) show that the py-MBMS spectra
can be utilized to generate the best prediction for pCA content

(maximum R2
CV of 0.60) followed by predictions for acetate

(maximum R2
CV of 0.43) and guaiacyl monomer released by

thioacidolysis (maximum R2
CV of 0.32). The predictions for

cross-validation were lower for ferulate followed by Klason

Fig. 6 PLS model development
and cross-validation for
estimating maize properties from
py-MBMS and NIR spectra
including a, c the R2

Cal as a
function of PCs used in the PLS
model and b, d the R2

CV for leave-
one-out cross-validation using
pooled replicates
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lignin (0.22 and 0.11, respectively), indicating no predictive
capability for these variables. Potential reasons for the poor
prediction capability for ferulate and Klason lignin as revealed
by the cross-validation may be due to either the difficulty in
deconvoluting the individual contributions to each of these
components by the pyrolysis products [62] or potentially due
to deficiencies in the quantification method, particularly for
lignin in graminaceous monocots [9]. Compounding this, it is
possible that the range of some of the properties within the data
set may have been insufficient to distinguish signal from noise.
While select pyrolysis products have been linked to syringyl
lignin monomer content (e.g., 154, 167, 168, 182, 194, 208,
and 210 m/z) and used in the estimation of S/G ratios [35, 63],
the current work found no strong, significant correlations to any
of the individual molecular ion peaks and the syringyl mono-
mer yield by thioacidolysis (Fig. 3(a)). This may explain why
the cross-validation prediction for the syringyl monomer re-
leased by thioacidolysis was non-existent (Fig. 6b).
Compared to the PLS model predictions from the py-MBMS
data set, the PLS models derived from the NIR data set exhib-
ited comparable prediction capability as assessed by cross-val-

idation, exhibiting maximum values of R2
CV of 0.58 for pCA,

0.29 for acetate, 0.23 for syringyl monomer yield, and less than
0.17 for all the other properties. Overall, a key finding from this
analysis is that, except for pCA content, individual linear cor-
relations developed directly from either the py-MBMS (Fig. 4)
or from the NIR data (Fig. 5) that provided superior predictive

capability to the PLS models when assessed by R2
CV (Fig. 6),

potentially indicating that some relevant information from the
original data set is lost when transformed into the PC space and
applied in PLS models.

Prediction of Enzymatic Hydrolysis Yields in Diverse
Maize Lines from Quantified Properties and PLS Models
Using Py-MBMS and NIR Spectra

Rather than determining structural or compositional fea-
tures of plant cell walls, high-throughput analytical

approaches that are derived from several contributing
traits such as the cell wall’s response to particular condi-
tions for pretreatment and hydrolysis may be preferred to
time-consuming wet chemical analysis. Applying a simi-
lar methodology as in the previous section, PLS models
for predicting hydrolysis yields were developed and
assessed based on the py-MBMS (Fig. 7a) and NIR
(Fig. 7b) spectra for the maize diversity sample set. It
should be noted that all models were based on analysis
performed on the untreated biomass, which may contrib-
ute to weaker predictions for pretreated biomass behavior.
Based on the cross-validation results (solid data points), it
is clear that the model prediction capability is substantial-
ly more robust for predicting enzymatic hydrolysis yields

of untreated biomass (maximum R2
CV of 0.60 for the py-

MBMS data and 0.62 using the NIR data) compared to
the plant’s response to pretreatment and hydrolysis (max-

imum R2
CV of less than 0.05 for the py-MBMS data and

0.14 using the NIR data).
In the next part of this study, multiple linear regression

(MLR) models were applied to predict these same hydrolysis
yields from quantified properties for the maize diversity panel
both to yield fundamental insight into the factors impacting
hydrolysis yields and to use as a basis of comparison for the
chemometric models. Some of the quantified properties and
correlations between properties and hydrolysis yields for this
data set were presented in our previous work [10]. Exceptions
include the lignin syringyl and guaiacyl monomer release by
thioacidolysis and the S/G ratio determined from these two
terms. These correlations between quantified properties and
hydrolysis yields for the 27-sample maize diversity panel are
presented in Table 1. Not surprisingly, these results demon-
strate that multiple properties exhibit correlations to enzymatic
hydrolysis yields. According to Table 1, seven quantified
properties exhibited significant correlations (p < 0.05) to un-
treated enzymatic hydrolysis yields (initial xylan, initial
Klason lignin, initial pCA content, guaiacyl monomer re-
leased by thioacidolysis, and initial WRV), while six

Fig. 7 PLS model development
and cross-validation for
estimating maize hydrolysis
yields from a py-MBMS and b
NIR spectra as a function of PCs
used in the PLS model. Solid data
points represent R2

CV for leave-
one-out cross-validation using
pooled replicates and transparent
data points represent R2

Cal
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properties demonstrated significant correlations (p < 0.05) to
the hydrolysis yields following mild alkaline pretreatment
(syringyl and guaiacyl monomer released by thioacidolysis,
S/G ratio, final Klason lignin, pCA, and FA released by pre-
treatment). As might be expected, the properties correlated to
untreated hydrolysis yields were primarily initial biomass prop-
erties or composition, while half of the properties strongly cor-
related to pretreated hydrolysis yields were pretreated biomass
properties. It is notable that the only properties associated with
the initial cell wall composition that could predict pretreated
enzymatic hydrolysis yields were associated with the
thioacidolysis data (e.g., aromatic monomer yields and S/G
ratio). This may explain the difficulty in predicting this yield
from the py-MBMS spectra as only guaiacyl monomer release
was able to be predicted from this data set (Figs. 4c and 6b).

Clearly, combinations of these variables provide more
powerful predictions relative to individual variables
(Table 1). However, contrasted to PLS models, utilization of
highly correlated, high-dimensional data sets may be problem-
atic for MLR models and may necessitate the selection of a
subset of variables to develop robust correlation models. This
variable down-selection serves the purpose of both minimiz-
ing linear redundancies and avoids the introduction of addi-
tional error into MLR models if low signal-to-noise ratios are
present in some of the property measurements. A wide range
of algorithms have been proposed for predictor variable selec-
tion in MLR models [64]. In the present work, the AIC [65]
and BIC [66] as well as identifying the largest R2

Cal for a set
number of predictor variables were applied and compared to
select the properties for incorporation into the MLR models
that could be used for prediction of untreated and pretreated
hydrolysis yields. Comparable to the approach employed for
assessing PLS models, model validation was performed by
fitting the MLR model parameters using the leave-one-out

cross-validation approach for each set predictor and an R2
CV

for each of the model forms was determined. This metric was
chosen to provide a basis of comparison with other prediction
approaches. The selected predictor variables for MLR models
along with model performance are presented in Table 2. From
these results, it can be observed that the best case MLR
models provide comparable performance (although slightly

lower with respect to both R2
CV and R2

Cal ) to the best case
py-MBMSmodel for untreated biomass, while providing sub-
stantially better predictions for the hydrolysis yields of
pretreated biomass relative to both the py-MBMS and NIR
data sets. Specifically, it is shown that important variables
for predicting untreated hydrolysis yields include S/G ratio
(X8), initial WRV (X9), pCA release (X12), and final WRV
(X14), while predictor variables chosen in linear models for
alkali-pretreated corn stover include initial xylan content
(X1), initial acetate content (X3), syringyl (X6) and guaiacyl
(X7) monomer release by thioacidolysis, and ferulate release
(X13).T
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Model predictions of the untreated and pretreated hydroly-
sis yields based along with cross-validation performance are
shown for the PLS regression models using the py-MBMS
spectra (Fig. 8a) and the NIR spectra (Fig. 8b) together with
the predictions of the MLR models based the measured cell
wall properties (Fig. 8c). From this, it is clear that predictions
for hydrolysis yields of untreated biomass as assessed by R2

Cal

and R2
CV are slightly better for the PLSmodels, while theMLR

model provides a substantially better prediction (based on R2
CV

) for alkali-pretreated biomass. This is not surprising as the
MLR models use cell wall properties following pretreatment
as predictor variables while the py-MBMS and NIR PLS
models are based only on the initial composition, indicating
that predicting the cell wall’s response to pretreatment and
enzymatic hydrolysis from only initial cell wall properties is
problematic. Notably, three pretreated biomass properties (fi-
nal Klason lignin content, pCA release, and FA release) were
all found to be significant predictors of pretreated hydrolysis
yields (Table 1) and one of these properties (FA release) is
necessary in all of the MLR models (Table 2). The implica-
tions of this are, at least for the pretreatment-biomass combi-
nations employed in this work, that initial biomass properties
are insufficient to predict the response to pretreatment and
enzymatic hydrolysis and that knowledge of the cell wall’s
response to the pretreatment is necessary.

Conclusions

This study compared two high-throughput characterization
approaches as applied to a maize diversity panel, py-MBMS
and NIR, for their capability of the data obtained with these
techniques to predict either plant cell wall properties or the
plant cell wall’s response to deconstruction using alkaline pre-
treatment and enzymatic hydrolysis. Cross-validation using
pooled replicates is performed in order to prevent over-
fitting of PLS models and to provide a basis for comparison
of model suitability. Furthermore, it should be noted that the
sample set was relatively small for this study and that increas-
ing the total sample size may yield improved models.

Overall, a number of key conclusions can be made. Firstly,
the application of principal component analysis to py-MBMS
spectra demonstrated that principal components could be used
to discriminate between the diverse maize samples and other
grasses and that these differences may be attributed to compo-
sitional differences, including differences in hydroxycinnamic
acids. Next, the capability of py-MBMS andNIR for prediction
of within-species plant cell wall properties and the cell wall’s
response to enzymatic hydrolysis or alkaline pretreatment and
hydrolysis was assessed. Both direct correlations to character-
istic region spectra and PLS models were found to be able to
provide strong predictions for p-coumarate content, while

Table 2 Example multiple linear regression (MLR) models identified based on differing selection criteria

Selection criteria MLR models for prediction of untreated hydrolysis yields MLR models for prediction of pretreated hydrolysis yields

Model variables
R2
Cal R2

CV

Model variables
R2
Cal R2

CV

AIC X1 X2 X9 X11 X12 X14 0.74 0.200 X1 X3 X7 X13
a 0.59 0.43

BIC X8 X9 X12 X14
a 0.67 0.509 X1 X3 X7 X13

a 0.59 0.43

R2 (n ≤ 4) X8 X9 X12 X14
a 0.67 0.509 X1 X3 X7 X13

a 0.59 0.43

R2 (n ≤ 5) X1 X2 X9 X11 X12 0.71 0.188 X1 X3 X6 X7 X13 0.62 0.44

aModel used in validation comparison (Fig. 8)

Fig. 8 Correlation between the predicted yields and the measured
enzymatic hydrolysis yields for untreated maize and hydrolysis yields
for NaOH-pretreated maize using a three-PC PLS models from py-

MBMS spectra, b three- and eight-PC PLS models from NIR spectra,
and c four-variable MLR models from quantified properties
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guaiacyl monomer released by thioacidolysis andKlason lignin
content was found to have comparably strong correlations to
select regions of the NIR or py-MBMS spectra. Notably, suit-
able correlations for ferulate could only be determined using
the py-MBMS data, while suitable correlations for syringyl
monomer released by thioacidolysis could only be determined
with the NIR data. As a possible indication of the signal-to-
noise ratio in the experimental measurements of the response
variables (properties and yields), several characterization/
modeling approaches could independently yield similar predic-
tive capabilities (as assessed by R2

CV ) with examples including
pCA content and hydrolysis yields of untreated biomass.
Furthermore, not all quantified properties exhibited strong links
to py-MBMS and NIR data sets or to the cell wall’s response to
deconstruction. While this could indicate a genuine lack of
correlation, this may also be a consequence of a limited range
of these properties in the data set relative to the accuracy of the
quantification method. Finally, it was determined for the data
set tested, and the MLR models using quantified properties
(including initial properties and properties following pretreat-
ment) could predict hydrolysis yields following alkaline pre-
treatment while neither of the high-throughput characterization
approaches (using unpretreated biomass only) could predict
these yields, highlighting the difficulty in assessing and
predicting a plant’s response to pretreatment using only the
initial properties.

AIC, Akaike information criterion; BIC, Bayesian informa-
tion criterion; FA, ferulic acid; MLR, multiple linear regres-
sion; PC, principal component; PCA, principal component
analysis; PLS, partial least squares; pCA, p-coumaric acid;
py-MBMS, pyrolysis molecular beam mass spectrometry;
RMSE, root mean square error; S/G, syringyl-to-guaiacyl
ratio
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