ABSTRACT

BARKER, DAVID KENNETH. Potential of Loblolly Pine (Pinus taeda L.) as a Biofuel
Feedstock. (Under the direction of Drs. Ross W. Whetten and Steven E. McKeand).

Woody biomass can be an alternative energy source in the Southeastern U.S. due to its wide
availability and ability to grow on marginal sites. Loblolly pine, as the most productive
forest tree species in the region, is of logical interest for biofuel production. Volume yield
was analyzed across nine test series to assess genetic variation in profitability of young-age
biomass harvesting and the effects of family on volume production in young plantations. At
age eight, the top 10% of families averaged 17.2% more volume growth than the local
mixture of first-generation families. Full-sib family mean heritabilities for height and
volume were moderate to high at all ages (age eight broad-sense full-sib family mean
heritabilities ranged from 0.61 to 0.93), reaffirming that gain in biomass yield is possible
through selection. Economic analysis of the data indicated that biomass-only harvests would
not be profitable at current prices. If biomass prices increased in response to the
development of a bioenergy industry, young-age biomass harvesting may become profitable,

but soil expectation values would not be maximized at very young ages.

Loblolly pine biomass presents a challenge for producing ethanol; enzymatic hydrolysis of
polysaccharides from softwood pulp typically produces lower yields of fermentable sugars
relative to hardwood pulp. Since many chemical and physical wood properties in loblolly
pine are subject to genetic control, variation in some of these properties will likely affect the

efficiency of ethanol production.



Wood samples were collected from a series of 8-year-old clonal trials in South Carolina and
Georgia. Clonal varieties of loblolly pine were divided into groups using a cluster analysis
based on near-infrared (NIR) spectra of ground wood samples from multiple individual trees,
or ramets, of each of the clonal genotypes. These clusters were used to select a subset of
clones for chemical analysis that would encompass most of the natural variation in the clonal
population. Wood samples from three pooled ramets of each clone in this set were tested,
using enzymatic hydrolysis after a dilute acid or alkaline pretreatment to produce sugar
yields for each clone. The lowest yielding treatment, a dilute acid pretreatment followed by
enzymatic hydrolysis using 20 filter paper units (FPU) of enzyme, produced an average of
0.21 mg sugar/mg wood. The highest yielding treatment, an alkaline pretreatment followed
by enzymatic hydrolysis using 40 FPU as well as mechanical beating, produced 0.52 mg
sugar/mg wood. NIR clustering and a number of wet chemistry-determined wood properties
were significant predictors of sugar yield. Economic analysis of these sugar yields using a
biorefinery process model indicates that ethanol from loblolly biomass is not cost-
competitive with gasoline. However, if oil prices go up or bioconversion technology

improves, making ethanol from biomass may become a profitable venture.

In order to characterize genetic variation in sugar yield from loblolly pine wood, 300
powdered wood samples from a clonal test series were tested using a high-throughput
enzymatic hydrolysis process with a dilute acid pretreatment. The mean sugar yield was 0.21
mg sugar/mg wood, and ranged from 0.10 to 0.29 mg sugar/mg wood. Clonal genetic values
indicate that yields can be improved ~4-5% over the mean through the use of the best clones.

Clone mean repeatability for sugar yields ranged from 0.29 to 0.44. For NIR-predicted lignin



and cellulose contents, clone mean repeatabilities were 0.81 and 0.78, respectively. A
calibration model was developed to predict sugar yields using NIR spectra, but the overall R?
was relatively low (= 0.30). The ratio of performance to deviation (RPD) was 1.54 for the
calibration model and indicates that the model may at best be accurate enough for a rough

initial screening of families.
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INTRODUCTION



The environmental impacts and the inevitable dwindling of supplies of fossil fuels have been
increasingly relevant topics in the scientific as well as public discourse for the past decade.
Several primary reasons for this are: 1. concerns about the environmental impact of gaseous
emissions from engines, especially potential atmospheric warming due to carbon dioxide; 2.
concerns over current prices for transportation fuel; and 3. the question of how plentiful
fossil fuels will remain over the next few decades and beyond. Calls for the development of
alternatives to nonrenewable fuels are not new; Henry Ford predicted that energy would be
obtained from vegetation, and worked on ethanol-fueled vehicles almost 100 years ago (New
York Times 1925). In the mid-to-late nineteen-thirties, the Model A included a carburetor

that could accept gasoline and/or alcohol-based fuels (Mousdale 2008).

The oil crisis of the 1970’s renewed concerns about oil scarcity and long-term fuel resources.
The exact amount of fossil fuel remaining is a subject of debate (Brandt 2007, Watkins 2006,
and Maugeri 2004). One recent estimate, based on a survey of independent authors, is that
there remains approximately 903 giga-barrels (Gb) of conventional oil reserves (for
comparison, 31.2 Gb of liquid fuel were consumed in 2008), and the reserves that are
currently producing oil will only meet half of the demand by 2023 (Owen et al. 2010).

While improvements to extraction methods can help delay the decline in oil production, the
declining rate of oil discovery combined with increasing demand indicates that days of cheap

and plentiful fossil fuel will not return.



Additionally, national security will benefit from an increase in biofuel production, as many
of the most prominent international suppliers of crude oil are located in the often volatile and
unstable Middle East. Gupta (2008), in assessing the oil vulnerability of the world’s biggest
net oil importers, claims that fifty of the world’s oil producing countries (including eight of
the top ten) have reached maximum oil production levels. As a consequence, “the ability of
OPEC to control world oil supplies is likely to increase in the near term.” Charles et al.
(2007), while acknowledging the uncertainty of when peak oil will occur, affirm the idea that
fossil fuels will not be plentiful for the long-term and stress the socio-economic disruption

that will occur if alternatives are not found.

The replacement of fossil fuels with renewable ones is necessary for a wide range of energy
needs (e.g., vehicle fuels, industrial uses, residential electricity), and even when restricted to
vehicular fuel alternatives there are a number of approaches being tested. Electric vehicles
and hybrids are a popular area of development, and hydrogen fuel cells are another
prominent avenue of research (Johnston et al. 2005). Interest in the use of renewable organic
feedstocks to produce liquid fuels for transportation and other combustion-powered
applications has been increasing sharply over the last decade. Ethanol has already achieved
commercial viability, with prices approaching that of petroleum: estimated world prices of
ethanol and petroleum in 2007 were €500 ($658) and €400 ($526) per ton, respectively
(Soetaert and Vandamme 2009). In Brazil, 15.7% of the total energy expenditure in 2011
was from sugarcane derivatives, and large quantities of ethanol are exported to other parts of

the Americas, Europe, and Asia (Barros 2012). In the United States, commercial production



of biofuel is mainly for ethanol, which is primarily derived from the fermentation of sugars
from corn kernels. However, there is some doubt as to the net energy efficiency of corn-
based ethanol, though improvements in bioconversion plant designs may help this (Liska et
al. 2009). Additionally, corn is a staple food crop in many places around the world, and
diversion of corn to liquid fuel production is probably contributing to the increase of the
worldwide price of corn. This potentially has an out-sized negative impact on impoverished
countries, leading to ethics-based criticisms of corn-based ethanol (Pimentel 2003 and

Solomon et al. 2007).

An alternative, cellulosic ethanol, has been gaining support in recent years. Indeed, the use
of lignocellulosic biomass for energy has been an area of research interest in the U.S. since
the 1970’s oil crisis (see Smith 1974, SAF 1979, and Zobel 1980). Many potential sources
for this biomass are being considered, from food crop residues (e.g., corn stover, which is not
eaten by humans) to grasses and trees. Two of the primary advantages in using
lignocellulosic biomass are that there are large amounts available and the use of this biomass
for fuel does not compete with food markets. Production of ethanol via enzymatic hydrolysis
may be competitive with corn ethanol on a production cost basis (Frederick et al. 2008),
though enzyme costs are a concern. Additionally, the net energy balance for forest biomass
plantations may well be better than for agricultural crops due to the lower level of inputs
needed (Zobel 1980). However, the question of net energy balance is complex, as costs for

inputs and transport fluctuate and bioconversion technologies improve, so there is still



considerable debate as to whether any biofuels have a positive net energy balance (e.g.,

Pimentel and Patzek 2005; Farrell et al. 2006).

Several studies have examined the amount of wood residues in North Carolina available per
year, and have reached estimates ranging from 2.5 to 3.6 million dry Mg/year, including both
softwood and hardwood sources (La Capra Associates 2006 and Galik et al. 2009). Given a
conversion rate of 227 liters of ethanol per dry megagram of forest residues (Maness 2008),
this is equivalent to 568 to 817 million liters of ethanol per year (equivalent to 379 to 545
million liters of gasoline, since ethanol has approximately 2/3 the energy content of
gasoline). In comparison, the NC Strategic Plan for Biofuels 2007 called for the
replacement, by 2017, of approximately 2300 million liters of gasoline per year (i.e., 10% of
the total used in North Carolina) with biofuels produced in and from materials grown in the
state. Therefore, even following the more optimistic estimate of available residuals, the
woody biomass residue available in North Carolina would fall well short of replacing 10% of
the total liquid fuels consumed. Also, residual woody biomass is a target for energy
generation by investor-owned utility companies, who are required by the N.C. Renewable
Energy and Energy Efficiency Portfolio Standard (REPS) to produce 10% of their energy
output from renewable sources by 2018 (NC Session Law 2007-397). Additional
considerations also include management of harvesting and transportation costs for lower-
value residuals, and existing marginal consumers of residuals (firewood, industrial cofiring).
All these factors mean that the amount of residual woody biomass actually available for

liquid biofuels will likely be significantly lower than the raw estimates.



Other potential feedstocks include energy grasses, municipal solid waste, sugarbeets, sweet
potatoes, duckweed, algae, soybeans, sunflowers, canola, barley, flax, and camelina (BCNC
2013). However, other than municipal solid waste and possibly soybeans, none of these are
available in quantities capable of producing significant amounts of biofuels. Additionally,
while municipal solid waste is available, the development of this technology will likely take
many years given the variability of the feedstock and environmental concerns over the
burning of waste. As for soybean, it shares a disadvantage with corn in that it is also a food
crop, though soybean does have a superior net energy balance to that of corn (Hill et al.
2006). Additional research into yields and ideal cultural practices for candidate crops is
needed given that existing woody biomass residues alone will not be able to produce
sufficient quantities to meet state- and federally-mandated biofuel targets. Energy grasses
are one potential candidate for quick production of significant biomass; it should be possible
to get yields of up to 22 dry Mg/hectare/year within the short term, but these energy grasses
are still in the developmental phase. This study does not go into the details of feedstocks
other than loblolly pine, but the work of Gonzalez et al. (2011b) established that loblolly pine
is competitive with other feedstocks (including Eucalyptus, grasses, and agricultural
biomass) on a delivered cost basis for carbohydrate and BTUs. The challenge, then, is to

improve conversion of normally-recalcitrant softwood biomass.

Another economic and social challenge facing the development of a biofuels industry is
convincing landowners that biomass feedstocks are worth the investment. While high oil

prices will keep interest in biofuels peaked, actual investment will only be successful if the



production technology is cost-effective. Landowners and companies are unlikely to grow
non-traditional bioenergy crops without assurances that they will be able to sell it. However,
it is also difficult to spur development on the biorefinery side without an established
feedstock supply, thus creating a “chicken-and-egg” situation. In addition, the bioconversion
facility will only realistically be able to buy from growers within a given radius from the
facility, which increases the challenge of growing a sufficient biomass supply. One
advantage of woody biomass is that supply chains are already in existence wherever there is
an active timber harvesting industry. Additionally, given that there is already incentive to
grow wood for pulp and sawtimber, growing biomass for bioenergy can become a part of
landowners’ investment strategies without the risk of having a worthless harvest. Provided
there is a timber market for a given species, a biomass plantation can be repurposed for
sawtimber should the biomass market disappear/fail to develop. A plantation system known
as dual-cropping has been proposed for loblolly pine (Scott and Tiarks 2008). This system
explicitly aims to produce both biomass and sawtimber though the biomass harvest of a
certain portion of the stand at a young age, followed by management of the remaining rows
for higher-value sawtimber. In agroforestry, dual cropping with multiple species (often

referred to as alley cropping) is already practiced in the U.S. (Williams et al. 1997).

As mentioned above, investment in bioenergy facilities will be hampered by uncertainty
about feedstock availability. For a species to be used as a biofuel feedstock, plantations must
be able to produce sufficient quantities of biomass to supply a biorefinery. The

landowner/grower needs to make a profit, and the delivered cost to the biorefinery must not



be so high that the end product (biofuel) is priced out of the market. If production facilities
are established in the numbers necessary to produce significant amounts of biofuel, feedstock
prices for woody biomass will likely rise (and, as another source of uncertainty, prices for
many potential, but as yet undeveloped bioenergy crops are still unknown). In addition, if
demand for woody residuals outstrips supply, producers will start competing (and spending
more money) in the pulpwood market, further emphasizing the need to extract as much

energy as possible from the feedstock.

Discounted cash flow analysis using net present value (NPV) and/or soil expectation value
(SEV) can be used to evaluate the profitability of a forest plantation (Clutter et al. 1983,
Gregory 1987). For evaluating the profitability of investment in biorefineries, process
models can be developed (Gonzalez 2011a). These models account for the various inputs
and outputs of energy and materials for a particular biorefinery and can produce an internal
rate of return that indicates the profitability of the biorefinery. While these models cannot be
a perfect reflection of reality, they are a useful tool for entrepreneurs to evaluate the

feasibility of successfully operating a biorefinery.

Another obstacle to the development of a biofuels industry is that bioconversion techniques
are still developing. Burkheisser 2010 and Mousdale 2008 provide a good picture of the
current state of biorefining technologies. At the same time, the type and quantity of locally
produced feedstock available will guide the selection of conversion technology.

Biochemical techniques focus on hydrolytic processes that retrieve the sugars from the



cellulose and hemicellulose. These techniques can use a variety of chemical and/or enzyme
treatments to help loosen the grip of lignin on the carbohydrates and to break down those
carbohydrates. Biochemical conversion is typically assisted by chemical and/or enzymatic
agents, and fermentation of the sugars can be improved through specially tailored microbes
(Mousdale 2008). For cellulosic ethanol, the main difficulty is extracting the valuable
sugars from the biomass with as little input and as little sugar loss as possible. The structural
properties of these lignocellulosic feedstocks are variable, which means that biochemical

conversion techniques will need to be calibrated for specific feedstocks.

Thermochemical techniques for biofuel production involve the application of heat to the
biomass. The type of biomass and the conditions of the heating will affect the production
process, but typical outputs of thermochemical methods are water, oils, charcoal, and
synthesis gases (Overend 2004). The removal of water is essential for producing these
products, and the amount of water in the biomass at the beginning of the thermochemical
process can have a big effect on the amount of energy consumed during the heating process.
Bio-oils can often be used in diesel fuels, and charcoal can be burned for energy (as can raw
biomass, such as firewood). The syngas produced can be converted to liquid fuel via
Fischer-Tropsch reactions (Mousdale 2008). Thermochemical methods of biofuel production
tend to avoid the problems caused by lignin in the biochemical methods, as lignin is an
energy-rich polymer that is pyrolyzed or combusted along with the carbohydrate

components. Lignin, as a byproduct of any biochemical or thermochemical process, may



also have a higher use as a renewable source for a variety of useful aromatic compounds

(Pandey and Kim 2011).

There are scientific issues to be addressed both in the areas of biomass supply and biofuel
production in terms of increasing the types and yields of available feedstocks and improving
efficiency in fuel production. There are social issues in terms of changing historical land-use
patterns by convincing individuals and companies to invest in growing new feedstocks. Most
important, however, are economic factors, at least in the long term. If money can be made by
growing feedstocks and producing biofuel from them, it is likely to happen. However,
development is not always quick to respond to new markets. Information on biomass yields
and conversion efficiency is essential to fostering industrial-scale biomass development.

The difficulty of successful commercial biorefinery development is highlighted by recent
failures: in 2011 North Carolina’s first ethanol plant, run by Clean Burn Fuels LLC, entered
Chapter 11 bankruptcy, citing an increase in corn prices that made the biorefinery
unprofitable (Calhoun 2011). Another high-profile example failure in the Southeast is Range
Fuels LLC, whose thermochemical-based bioenergy plant in Soperton, Georgia closed in
2011. In 2012, the site was auctioned off and is being developed by LanzaTech, which is

intending to move the project toward commercial-scale production of ethanol (Lane 2013).
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CHAPTER 1

BIOMASS ACCUMULATION AND HARVESTING IN
YOUNG LOBLOLLY PINE PLANTATIONS
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Abstract
Maximizing biomass growth is essential to the development of a biofuels industry. Loblolly
pine (Pinus taeda L.) is the most widely planted forest tree species in the Southeast and has
the capacity to meet a significant portion of future demand for woody biomass in the region.
The use of genetically superior varieties for feedstock will be critical for future biomass-
silvicultural systems. In this study, nine test series of full-sib families of loblolly pine were
measured annually through eight years of age. Site volume productivities ranged from 66 to
181 m?® per hectare at age eight, with corresponding mean annual increments of 8.3 to 22.6
m?*/year. Family volume growth, scaled up to a per-hectare basis, varied greatly within test
series, with the top families often producing 1.5-2.0 times the volume of the lowest ranking
families. In addition, the top 10% of families averaged 17.2% more volume growth than the
local mixture of first-generation families. Full-sib family mean heritabilities for height and
volume were moderate to high at all ages (age eight broad-sense full-sib family mean
heritabilities ranged from 0.61 to 0.93), reaffirming that gain in volume yield is possible
through selection of the best families. Economic analysis indicates that biomass-only
harvests would not be profitable at current prices. If biomass prices were to increase in
response to the development of a bioenergy industry, biomass-driven plantation schemes may

well become profitable, but soil expectation values are not maximized at very young ages.
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Introduction
The environmental impacts and the inevitable dwindling of supplies of fossil fuels have been
increasingly relevant topics in the scientific as well as public discourse for the past decade.
Several primary reasons for this are: 1. concerns about the environmental impact of gaseous
emissions from engines, especially potential atmospheric warming due to carbon dioxide; 2.
concerns over current prices for transportation fuel; and 3. the question of how plentiful
fossil fuels will remain over the next few decades and beyond. The exact amount of fossil
fuel remaining is a subject of debate (Brandt 2007, Watkins 2006, and Maugeri 2004). One
recent estimate, based on a survey of independent authors, is that there remains
approximately 903 giga-barrels (Gb) of conventional oil reserves, and the reserves that are

currently producing oil will only meet half of the demand by 2023 (Owen et al. 2010).

The replacement of fossil fuels with renewable ones is necessary for a wide range of energy
needs (e.g., vehicle fuel, industrial uses, residential electricity), and even when restricted to
vehicular fuel alternatives, there are a number of approaches being evaluated. Electric
vehicles and hybrids are popular technologies for reducing liquid fuel consumption, and
hydrogen fuel cells are another prominent avenue of research (Johnston et al. 2005). Ethanol
has already achieved commercial viability, with prices approaching that of petroleum:
estimated world prices of ethanol and petroleum in 2007 were €500 ($658) and €400 ($526)
per ton, respectively (Soetaert and Vandamme 2009). In Brazil, 15.7% of the total energy
expenditure in 2011 was from sugarcane derivatives, and large quantities of ethanol are

exported to other parts of the Americas, Europe, and Asia (Barros 2012). In the United
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States, commercial production of biofuel is mainly ethanol, which is primarily derived from
the fermentation of sugars from corn kernels. However, there is some doubt as to the net
energy efficiency of corn-based ethanol, though improvements in bioconversion plant
designs may help this (Liska et al. 2009). Additionally, corn is a staple food crop in many
places around the world, and diversion of corn to liquid fuel production is probably
contributing to the increase of the worldwide price of corn. This potentially has an out-sized
negative impact on impoverished countries, leading to ethics-based criticisms of corn-based

ethanol (Pimentel 2003 and Solomon et al. 2007).

An alternative, cellulosic ethanol, has been gaining support in recent years. Indeed, the use
of lignocellulosic biomass for energy has been an area of research interest in the U.S. since
the 1970’s oil crisis (see Smith 1974, SAF 1979, and Zobel 1980). Many potential sources
for this biomass are being considered, from food crop residues (e.g., corn stover, which is not
eaten by humans) to grasses and trees. Two of the primary advantages in using
lignocellulosic biomass are that there are large amounts available, and the use of this biomass
for fuel does not compete with food markets. Production of ethanol via enzymatic hydrolysis
may be competitive with corn ethanol on a production cost basis (Frederick et al. 2008),
though enzyme costs are a concern. Additionally, the net energy balance for forest biomass
plantations may well be better than for agricultural crops due to the lower level of inputs
needed (Zobel 1980). However, the question of net energy balance is complex, as costs in

inputs and transports are in flux as technologies improve, and there is still considerable
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debate as to whether any biofuels have a positive net energy balance (e.g., Pimentel and

Patzek 2005; Farrell et al. 2006).

Several studies have examined the amount of wood residues available per year for biomass
feedstock. For example, in North Carolina, estimates range from 2.5 to 3.6 million dry
Mg/year, including both softwood and hardwood sources (La Capra Associates 2006 and
Galik et al. 2009). Given a conversion rate of 227 liters of ethanol per dry megagram of
forest residues (Maness 2008), this is equivalent to 568 to 817 million liters of ethanol per
year (equivalent to 379 to 545 million liters of gasoline, because ethanol has approximately
2/3 the energy content of gasoline). In comparison, the NC Strategic Plan for Biofuels 2007
called for the replacement, by 2017, of approximately 2300 million liters of gasoline per year
(i.e., 10% of the total used in North Carolina) with biofuels produced in and from materials
grown in the state. Therefore, even following the more optimistic estimate of available
residuals, the woody biomass residue available in North Carolina would fall well short of
replacing 10% of the total liquid fuels consumed. Also, residual woody biomass is a target
for energy generation by investor-owned utility companies, who are required by the NC
Renewable Energy and Energy Efficiency Portfolio Standard (REPS) to produce 10% of their
energy output from renewable sources by 2018 (NC Session Law 2007-397). Additional
considerations also include management of harvesting and transportation costs for lower-
value residuals, and existing marginal consumers of residuals (firewood, industrial cofiring).
All these factors mean that the amount of residual woody biomass actually available for

liquid biofuels will likely be significantly lower than the raw estimates.
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Another economic and social challenge facing the development of a biofuels industry is
convincing landowners that biomass feedstocks are worth the investment. People and
companies are unlikely to grow non-traditional bioenergy crops without some certainty that
they will be able to sell it. However, it is also difficult to spur development on the
production side without an established feedstock supply, thus creating a “chicken-and-egg”
situation. For the producers to be interested in planting these feedstocks, they will have to
feel that it is economically favorable, and that will require a bioconversion facility. In
addition, the bioconversion facility will only realistically be able to buy from growers within
a given radius from the facility, which increases the challenge of growing sufficient biomass.
One advantage of woody biomass is that supply chains are already in existence wherever
there is an active timber harvesting industry. Additionally, given that there is already
incentive to grow wood for pulp and sawtimber, growing biomass for bioenergy can become
a part of landowners’ investment strategies without the risk of having a worthless harvest.
Provided there is a timber market for a given species, a biomass plantation can be repurposed
for sawtimber should the biomass market disappear or fail to develop. Plantation systems
have been proposed for loblolly pine (e.g. Scott and Tiarks 2008) that explicitly aim to
produce both biomass and sawtimber though the biomass harvest of a certain portion of the
stand at a young age, followed by management of the remaining rows for higher-value

sawtimber.

To meet the needs of any nascent biofuel industry, it is important to outline the potential for

and variation in biomass production. Cannell (1989), summarizing data from 303 coniferous
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and 204 broadleaved stands from around the world, found that few stands produce more than
15 dry Mg/ha/year, and the average was closer to 5 Mg/ha/year. A few stands had
productivity as high as 25 Mg/ha/year (stem and branch wood). For whole tree biomass,
most stands produced 18 Mg/ha/year or less, though some stands approached or even
surpassed 30 Mg/ha/yr. Cannell reported that there was no obvious difference between the
yield distributions of broadleaved and coniferous stands. The stands surveyed covered a

wide range of sites and conditions, but were mostly managed plantations.

In the southeastern U.S., Pinus taeda (loblolly pine) is the most widely-planted timber
species with almost 1 billion seedlings planted annually across millions of hectares
(McKeand et al. 2003, Schultz 1997). Loblolly pine’s growth rates generally exceed those of
other native species, hardwood and softwood alike, over a wide range of site conditions and
silvicultural inputs (Cobb et al. 2008; Williams and Gresham 2006; and Samuelson et al.
2001; see Table 1 for summary of biomass yields from these studies). In these three studies,
whole tree mean annual increments (MAI) range from 2.7 to 15.2 dry Mg/hectare for loblolly
pine. Within each study, growth for loblolly exceeds that of the other species tested for all
treatments. It is also reasonable to expect additional improvements in yield: Farnum et al.
(1983) estimated that the maximum yield of loblolly pine may be as high as 30 Mg/ha/year
under intensive culture and continued genetic improvement. Borders and Bailey (2001)
found MAIs of 3.6 to 5.4 cords/acre/year in intensively managed treatments in five 10-12
year-old tests in Georgia. Using a conversion of 2.6 tons/cord (Dicke and Parker 2010), this

is equivalent to 21 to 31 Mg/ha/year, surpassing the “maximum” benchmark set by Farnum
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et al. (1983). Samuelson et al. (2008) found a total above-ground biomass in an intensively
managed treatment (fertilized and irrigated) of 175.2 Mg/ha at age 10 (MAI =17.5
Mag/hal/yr). Current annual increment in year 10 was calculated to be as high as 25.6
Mag/ha/yr for stemwood). The combination of high yields from loblolly pine and the already
established industry surrounding this species makes it a potentially ideal biomass feedstock.
Additionally, there is reason to expect continued genetic gains in volume yield, as loblolly
pine is just entering its 4" cycle of breeding, and there is still significant variation to be
exploited. In comparison, corn has had more than 120 generations of breeding for oil
content, and there is evidence that significant genetic variation for this trait still remains in

the breeding population (Dudley and Lambert 2004).

Genetic improvement in loblolly pine has traditionally focused on stem quality, disease
resistance, and growth trait gains at rotation age (Zobel and Talbert 1984). However, if
biomass becomes an important part of the timber market, landowners may desire to grow
plantations for the sole purpose of biomass harvests. In this study, we estimated biomass
gains from superior families of loblolly pine from a series of progeny tests conducted by the
North Carolina State University Cooperative Tree Improvement Program (NCSUCTIP).
Because most of the tests were measured annually for the first eight years, they are useful for
studying biomass accumulation in young loblolly pine plantations. Traditional tree breeding
uses these young-age measurements as proxies to indirectly select for desired traits at
rotation age (McKeand 1988, Xiang et al. 2002). For this study, however, we used progeny

test data to directly calculate biomass yields at young ages. Based on these biomass yields,
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we evaluated biomass development in young plantations and investigated the profitability of

strictly-for-biomass harvests.

Methods
The measurement data analyzed for this study is from the Early Diallel Measurement Study
(EDMS) established by NCSUCTIP in the southeastern US in the late 1980°s and early
1990’s as a part of the program’s second-generation breeding and testing effort. The original
intent of the EDMS study was to examine how heritabilities and age-age genetic correlations
change over time in young loblolly plantations (see Xiang et al. 2002 for this analysis). To
accomplish this, yearly measurements were made in these tests from ages one to eight.
Additionally, measurements on a small number of these tests were carried out at ages 12, 16,

and 20.

The mating design used for the EDMS was a disconnected six-parent half-diallel, comprised
of 15 full-sib crosses (selfs and reciprocals were excluded). Two and only occasionally three
of these six-parent diallels were planted in each test series, and each test series typically
contained four test sites. Parents were not used in multiple diallels. Individual test sites in
each series were planted in close proximity to each other, generally in the same or contiguous
counties. The test series were planted across the southeastern US, covering the Atlantic and
Gulf Coastal Plains and Piedmont. The number of test series for which measurement data are
available varies by age (Table 2). Very few breast height diameter measurements were taken

before age four.
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In order to examine the development of biomass in young stands of loblolly pine, data were
only analyzed for stands where planting density in trees-per-hectare (TPH) was known, so
that estimates of per-hectare stemwood production could be obtained. Nine such series were
identified (Table 2). Of these, eight were measured annually to age eight (one was only
measured to age seven). Diameter measurements did not start until age four. A few of the
series were measured at older ages: three at age 12, one at age 16, and two at age 20. These
nine series are scattered across the Southeast but with little representation in the Piedmont

(Figure 1).

Individual tree volumes were calculated using the equation from Shelton et al. (1984):
VOL=0.00748 + (0.0000353 * DBH? * Height) @)

Where VOL = stem volume in cubic meters; DBH = diameter at breast height (1.4 meters)
measured in centimeters; and Height = total stem height in meters. Summary statistics were
calculated using the MEANS procedure of SAS (SAS 9.2, SAS Institute, Cary, NC). The
GLM procedure was used to compare series means for height and volume using the Duncan
multiple range test.

For all ages (4,56, 7, 8, 12, 16, and 20), genetic values and heritabilities for height and

volume for each of the nine test series were calculated. ASReml 3.0 (Gilmour et al. 2009)
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was used to estimate the variance components and make best linear unbiased predictions for

volume production for each full sib cross. The following linear model was used:

Yijkimn = £+ Ti + R(Mjiy + Gk + G + Ci + TPix + TPyt + TCii + Pijam Eijjamn~ (2)

Where:

Yijmn 1S the nth observation of the jth replication for the klth cross in the ith test,

1) is the overall mean,

Ti is the ith fixed test effect, i=1to t

Riiy Is the fixed effect of the jth replication within the ith test, j=1tor,

Gk ,G is the random effect, or general combining ability (GCA), of the kth and Ith parents ~

NID (0, 6%),

Cu is the random effect, or specific combining ability (SCA), of the specific cross of the
kth and the Ith parents (k=l) ~NID (0, 62),

TG, TG is the random effect of the test by GCA interaction ~NID (0, cztg),

TCiw s the random effect of the test by SCA interaction ~NID (0, 6%),
Piim 1S the random effect of plot ~NID(0, 6%)),

Eijmn 1S the random error term ~NID (0, 6%).

Heritabilities were calculated as follows (Xiang 2001):

Narrow-sense individual tree heritability:

hi = 46%/(20% + 6% + 2G°1g + G + 6% + G7) (3)
Broad-sense individual tree heritability:

HZ =4(c% + 6°)/(26% + 6% + 26% + 6 + 6% + %) (4)
Narrow-sense full-sib family mean heritability:

hks =26°4/(20% + 67 + 207/t + Gilt + G2pltr + oZltrn) (5)
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Broad-sense full-sib family mean heritability:

H%ks =(26°3 + 6°0)/(20% + G°¢c + 26%lt + GPielt + G2pltr + 67el/trn) (6)

Type-B genetic correlations were calculated in order to assess the stability of family
performance across tests within a test series (Yamada 1962, Burdon 1977). These were

calculated as:
s = 6°gl(0° + G’t) (7

ASReml calculates BLUPs for the GCA (additive) and SCA (dominance) effects. From

these, genetic values (GVs) for volume for each full-sib family were calculated as:

GV =p+ GCA + GCA, + SCAy (8)

In order to quantify biomass differences at the stand level, per-hectare biomass production
was calculated using these volume GVs and test series-specific planting density and mortality
data. No conclusions on spacing effects will be drawn, as replication of spacings across test
series is weak to nonexistent. Additionally, the higher spacing trials tended to be in more
northerly sites, confounding any attempts to look at trends in productivity caused by planting

density.

A discounted-cash flow analysis was conducted using these stand-level volume estimates in
order to assess the feasibility of harvesting at young ages. Stand establishment costs were set

at $740 per hectare ($300/acre) plus $55.00/1000 seedlings ($0.055 per seedling). This
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establishment cost would cover site prep (chemical and/or mechanical), planting, and an
early fertilization treatment. Seedling costs were based on market prices for 2"-generation
seedlings (see ArborGen 2012). For estimating harvest incomes, stumpage prices follow the
South-wide averages from the 2" quarter of 2013 (Timber-Mart South 2013). The prices are
as follows: $11/green Mg for pulpwood and $17.50/ green Mg for chip-n-saw ($10 and
$16/ton, respectively). Additionally, it was of interest to examine revenues with a view
toward the potential development of a biomass-for-energy industry, which could result in
higher demand and increased prices for pulpwood. In order to examine what revenues might
look like under a hypothetical biomass market where demand increases pulpwood prices,
scenarios using pricing of $17.50/green Mg (equivalent to chip-n-saw), $22/green Mg
(double current pulpwood prices) and $33/green Mg (triple current prices) were also
computed. For the purpose of estimating revenues, volume in cubic meters was converted to
volume in green megagrams using a conversion factor of 0.836 (or 0.865 for the 16 & 20

year old data) Mg per cubic meter (Amateis et al. 2001, see also Burkhart et al. 1972).

The series for which there is older age data (16- and 20-year old) had minimal sawtimber, so
this was not included in the merchandizing. The chip-n-saw proportions of the total volume
of these older stands were determined from the diameter distributions. Ages 12 and under
are treated as pure biomass (pulp) harvests, as the proportion of more valuable product
classes at these ages is negligible. For the scenarios using high biomass prices, all volume

was treated as pulpwood/biomass.
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Soil expectation value (SEV) was calculated as the net present value of a perpetual, periodic

series of forest plantations (Gregory 1987):

SEV = Bzo RO+ S ceart ©)
(1+i)r-1 J

where:
I = interest rate
R:= revenue in year t (thinning or final harvest)
Cy=cost in year t

r = rotation age.

SEV determines the most profitable harvest age for each scenario. Differences in SEV
reflect the differential value of this and all future rotations for a given plantation management
scenario. An 8% interest rate was used because the purpose of the analysis is to consider
whole-stand pulpwood harvests in young plantations. As this would be a departure from the
traditional goals of plantation forestry (i.e., to maximize volume growth with view toward
sawtimber production), landowners looking to invest in pine as purely a biomass feedstock

would want an assurance of profitability.

To examine the difference in per-hectare biomass that can be achieved from using better
genetics, the top four families (~10%) in each series were compared to the local seed orchard
mix that was used in that series. These seed orchard mixes were composed of genetic

material that would have been available from a typical first-generation seed orchard in that
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region. The increase/decrease in SEV relative to this seed orchard mix can be compared
across test series. This difference was also calculated as a difference in internal rate of return

using a cash flow comprised of year zero establishment costs and biomass revenues.

Results
Height and volume summary statistics for the nine test series were produced (Table 3). The
most productive series at age eight was one grown in the coastal plain of South Carolina at a
spacing of 1329 trees-per-hectare, with a mean height of 11.7 m and mean per-tree volume of
0.141 m®. The lowest producing series at age eight, located in several counties near the GA-
TN border, had a mean height of 7.3 m and per-tree volume of 0.044 m®, and was planted at a
density of 2244 trees-per-hectare. Given the large geographic footprint of this study, it is not
surprising that there are large, statistically significant site productivity differences starting at
early ages. As expected, the more northern test series had a slower growth than southern
ones, though there were exceptions to this trend. CVs for test mean heights are generally
low, indicating similar height growth across tests within a given series (Table 4). The CVs
for volume are somewhat higher, meaning that overall productivity of tests within a given
series was more variable than for height. MAI for volume increased throughout the age
range of the data (Figure 2). MAI for height increased through about age six or seven, then

appeared to hold steady or taper off thereafter.

Heritabilities and type-B genetic correlations for height and volume were computed for each

test series (See averages in table 5; genetic parameters by series are in Appendix A).
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Average heritabilities for height and volume are within expected ranges: across ages,
individual narrow- and broad-sense heritabilities range from 0.2 to 0.4, and family mean
narrow- and broad-sense heritabilities range from 0.7 to 0.9. Heritabilities generally
increased through age 12, and heritabilities for height were slightly higher than for volume.
Type-B genetic correlations, which are a measure of the stability of family performance
across test sites, were moderate to high for both height and volume across ages and test
series. For height and volume, age eight type-B genetic correlations averaged 0.88 and 0.79,

respectively.

Family GVs were scaled up to a per-hectare basis using planting density and mortality
information. VVolume yields from the top ~10% of families (average of four families) were
compared to the local seed orchard mix (Table 6). Generally, the top genetic entries
compared favorably with the SOM, averaging 21% more biomass at age eight. However, in
two of the test series, the top four full-sib families did not outperform the SOM. In one of
these, the difference was negligible (1%), and in the other, the SOM outperformed the top
four full-sibs by 21%. The average percent difference in yield between the top 10% and the

SOM increased with age, though this was not seen in all test series.

Overall series mean volume productions were scaled up to a per-hectare basis (Table 7) and
subjected to discounted cash-flow analysis under several pricing scenarios. SEVs for
harvesting of stands at current (2013) stumpage prices (Table 8) indicate that such harvesting

is generally not profitable at an 8% discount rate. The highest yielding site, SC_TPH1329,
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only becomes profitable at age eight, with an SEV of $191/ha. This site was also the only
one with 16 and 20-year data; these SEVs are much higher ($1,634/ha and $1,348/ha,
respectively) due to continued biomass development as well as the merchandizing of part of
the stand at chip-n-saw prices. The other series for which age 20 data are available,

VA _TPH2244, is a northern, slower growing series, and just barely turns a profit at this age
(SEV = $3). All other series were non-profitable for all ages for which there are data, with

negative SEVs ranging from hundreds to nearly three thousand dollars per hectare.

For the scenario where the pulpwood stumpage price is set to that of chip-n-saw
($17.50/Mq), profitability is seen at age 12 for all three test series that have volume yields at
this age (Table 9a). In addition, two series have positive SEVs at age eight, with one of
those also being profitable at ages six and seven. As biomass prices are raised even higher,
to double and triple current pulpwood prices (Tables 9b and 9c, respectively), all series
become profitable by age eight or before. However, SEVs generally rise across the range of
ages, and with one exception, the highest SEV for each series is at the oldest age for which
there is data. The exception is the series for which 16- and 20-year old data were available;

this series’ SEV is highest at age 16 under all pricing scenarios.

A discounted cash-flow analysis was also done for the top four families (averaged) as well as
the SOM for each series at current stumpage prices (Table 10). The pattern here is similar to
that of the SEVs for the overall stands means (Table 8): Only one test series shows a profit at

a'young age (SC_TPH1329 at age eight). For this series, age eight SEV is $377/ha if the top
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families are used, compared to an SEV of -$146/ha for the SOM. Across test series at age
eight, the magnitude of the SEV difference between the top full-sib families and the SOM
ranged from -$329 to $523 per hectare, with an average of $158/hectare benefit from
planting better families. This corresponds in an improvement in the internal rate of return
from 0% to 2%. The average SEV improvement from using the top four full-sib families
increases as the trees get older because the absolute volume differential between the top

families and the SOM increased with age (Table 6).

Discussion
The best site from the progeny test data achieved a biomass production of 181 m* by age 8
(Table 7), equivalent to an MAI of 23 m*/ha/year (18 Mg/ha/yr). The lowest yielding test
had 66 m® at year eight, and an MAI of 8 m*/ha/year (7 Mg/halyr). Assuming dry weight is
about half of the green weight, these MAI would be 9 and 3.5 dry Mg/ha/yr for the highest
and lowest yielding sites, respectively. These yields are moderate to high compared to
growth-and-yield studies which applied a combination of treatments from control (no
additions) to fertilization plus irrigation (Table 1). As such, these productivities represent a
cross section of what might be found on an operational scale. While the range of the data is
insufficient to pinpoint the age at which SEVs are maximized, the general trend indicates that
this occurs beyond age eight. This was the case even in the scenario using a pulpwood

stumpage price that was three times the current price.
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While biomass harvesting was generally not profitable at young ages, using the top families
will improve profitability (or at least decrease the amount of money lost). At age eight, using
the top families resulted in an average improvement in SEV of $158/ha. As an added benefit,
the difference in absolute volume between better and average genetics increases with age.
This is reflected in the increasing differential of SEVs over time between top families and the

SOM (Table 10).

Two series did not produce crosses that were superior to the local 1-generation SOM.
However, this does not call into question the benefit of using better families; this study was
done using progeny test data, which is typically used to screen families. Those families that
do not perform well will not be selected for inclusion in seed orchards. The heritabilities for
growth traits indicate that selection of the best families will lead to higher volume yields.
This has been demonstrated throughout the history of the tree improvement in the
Southeastern US. McKeand et al. (2003) reported that improved families averaged 10 to 30
percent higher volume over unimproved stock, at a time when most seedlings were coming
from 1°- and 2"-generation seed orchards. In comparison, this study found an average
volume increase of 21% between the top four families and the 1¥-cycle SOM in each test
series. High type-B correlations show that there was good stability of family ranks between
tests, which means that the top families tend to be good as long as they are planted within the

correct deployment region.
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Site productivity varied widely in these tests across the southeastern US. Economic analysis
indicates that harvesting for biomass from these stands at young ages (ages four-eight) is not
desirable. Current pulpwood prices resulted in taking a loss on the investment for all but one
series, which turned a small profit at age eight. Even if the stumpage price for
pulpwood/biomass increases two- or three-fold, early harvesting, while more profitable at
these prices, will not maximize SEV for a stand. Biomass production in a young stand

increases quickly enough that SEV increases beyond age eight.

Comparison of the top ~10% of full-sib families (based on stand-level yields calculated from
family GVs) to the local SOM indicates that selection of the best families can make a
significant difference on harvest value of a stand, and that this value differential increases as
the stand ages. However, use of just top families in a stand generally did not change the
general outcome of the economic analysis; early harvests are generally not profitable and do
not maximize SEV. This study used data for full-sib families, but the results are applicable to
open-pollinated half-sib families as well: while differences in volume yields are significant at
young ages for half-sib families (Svensson et al. 1999), they will generally be out-performed
by good control-pollinated full-sibs. As such, differences in volume production between
half-sib families would not improve the overall economic prospects for early biomass

harvesting.
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Conclusion
Examination of the variation in biomass growth in the EDMS progeny tests across sites and
families indicates the importance of selecting families optimized for biomass growth. While
a landowner may not have the flexibility to change his/her landbase, poor site conditions can
be ameliorated through good silvicultural practices. However, failure to maximize
productivity due to the use of average-to-poor families cannot be corrected until the
following rotation. Fortunately, genetically improved loblolly pine seedlings are available
for sites throughout the U.S. Southeast. If the best genetics are planted on these best sites
and are combined with optimum silvicultural practices, MAI can be pushed even higher,

increasing returns for landowners.
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Tables and Figures

Table 1. Biomass yields from three studies in the U.S. Southeast. Volumes expressed in
dry Mg/ha.

Mg/ha Mg/halyr Mg/ha Mag/halyr

Species Age (whole (whole Source
(stem) (stem) tree) tree)
Liquidambar Cobb et al.
_ 6 2-28 0.3-4.7 6-48 1.0-8.0
styraciflua 2008
Liquidambar Williams and
_ 6 7-39 1.2-6.5 12-63 2.0-10.5
styraciflua Gresham 2006
Liquidambar Samuelson et
_ 4 2-13 0.3-2.2 4-24 0.7-4
styraciflua al. 2001
] o Cobb et al.
Pinus elliottii | 6 14-27 2.3-45 31-59 5.2-9.8
2008
_ Cobb et al.
Pinustaeda | 6 24-46 4.0-7.7 44-79 7.3-13.2
2008
Williams and

Pinus taeda 6 25-48 4.2-8.0 48-91 8.0-15.2
Gresham 2006

Samuelson et

Pinus taeda 4 8-19 1.3-3.2 16-41 2.7-6.8
al. 2001
Platanus Cobb et al.
) ) 6 4-37 0.6-6.2 7-54 1.1-9.0
occidentalis 2008
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Table 2. Number of test series measured for height and diameter, by age.

# Test
Age Height Diameter Series with
Known TPA
1 23 1 9
2 26 1 9
3 26 3 9
4 25 23 8
5 26 25 9
6 26 26 9
7 23 22 9
8 22 22 8
12 10 10 3
16 2 2 1
20 2 2 2




Table 3. Summary of series means for volume (A.) and height (B.). Significant
differences between series means indicated by letter groupings. The series names starts
with the state(s) within which the tests are located, followed by the TPH used for that
series. Note that there are two series from Georgia with the same planting density.
They have been denoted as ‘a’ and ‘b’.

A. Volume

. Age

Series 4 6 7 12 16 20
SC_TPH1329 0024a 0047a 0078a 0.107a 0.14la 0414 0602a
GA_TPH1347b | 0.014b 0.027b 0.045b 0.067b 0.085b
NC_TPH1329 0.010f 0.0l16e 0.036c 0.047c
GA_TPH1347a | 0013¢c 0022¢c 0031d 0043d 0060c 0.138a
NC-VA_TPH1994 | 0.010e 0.016d 0.028e 0.042d 0.057d
FL-GA_TPH1604 | 0.011d 0.017d 0.028e 0.040e 0.056e 0.128b
VA_TPH1537 0.010f 0014f 0022f 0033f 0.045f 0.239 b
GA-TN_TPH2244 0.014f 0020g 0.032g 0.044 fg
VA_TPH1794 0.009g 0013g 0020h 003lg 00459 0.10lc
B. Height

Seri Age

eries 1 2 3 4 5 6 7 8 12 16 20
SC_TPH1329 07a 19a 36a 52a 69a 88a 103a 1l7a 207 243a
GA TPH1347b |04d 13c 27c 40b 54b 68b 7.8b 87b
NC-VA_TPH1994 | 03g 10g 21d 33d 45d 60c 7.2c 83d
FL-GA_TPH1604 | 0.4e 09h 18g 3.le 45e 59e 7.2c 86¢c 129a
NC_TPH1329 03h 07i 16h 28h 42f 60d 7.0d
GA TPH1347a |10a 18b 29b 38c 49c 57f 67e 7.7¢ 120b
VA_TPH1794 04d 10f 18g 30f 41f 52h 64f 7.7e 116¢
GA-TN_TPH2244 | 05¢ 1.1d 20e 409 51i 64f 7.3f
VA_TPH1537 03f 10e 20f 299 41f 53g 63g 7.3f 16.6b
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Table 4. Standard deviation and coefficient of variation for test means for individual
tree height (m) and volume (m®) indicate extent of differences in growth traits within
test series. Statistics are for age 8 for all series except for NC_TPH1329, for which age
7 data is presented. ‘Test mean max’ and ‘test mean min’ are maximum and minimum

test means for the tests within a particular series.

Height Volume

| gg\j,'_ Test  Test  Test Dg\‘/‘_’ ¢ Test Test Test

Series # Tests of Test Mean Mean Mean Test Mean Mean Mean
Means CcVv Max Min Means CcVv Max Min

SC_TPH1329 4 0.7 6% 12.6 11.1 0.018 13% 0.16 0.12
GA_TPH1347b 4 0.8 9% 9.2 8.1 0.007 8% 0.09 0.08
GA_TPH1347a 4 0.3 4% 8.1 7.4 0.015 25% 0.08 0.05
FL-GA_TPH1604 3 14 16% 10.2 1.7 0.020 35% 0.08 0.04
NC-VA_TPH1994 4 0.1 2% 85 8.2 0.003 5% 0.06 0.05
NC_TPH1329 4 0.3 5% 7.2 6.8 0.005 11% 0.05 0.04
VA_TPH1537 4 0.6 8% 8.2 7.0 0.008 17% 0.06 0.04
VA_TPH1794 4 0.5 6% 8.2 7.2 0.006 13% 0.05 0.04
GA-TN_TPH2244 2 0.8 11% 7.8 6.7 0.012 28% 0.05 0.03
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Table 5. Average genetic parameter estimates across series for height (A.) and volume

(B.). Estimates for each series can be found in Appendix A. h% is the narrow-sense
family mean heritability, H% is the broad-sense family mean heritability, h? is the
narrow-sense individual tree heritability, and H? is the broad-sense individual tree
heritability. rg is the type-‘B’ correlation, which is the ratio of the additive genetic
variance to itself plus the variance associated with the additive-by-test interaction.

A. Genetic parameter estimates for height.

Age
Parameter 4 5 6 7 8 12 16 20
hes 0.78 0.74 0.77 0.76 0.79 0.79 0.93 0.75
H2es 0.87 0.86 0.88 0.88 0.88 0.91 0.97 0.89
h? 0.22 0.22 0.27 0.27 0.29 0.36 0.42 0.17
H 0.26 0.28 0.33 0.35 0.35 0.44 0.45 0.24
rs 0.84 0.80 0.87 0.89 0.88 0.83 0.98 0.83
B. Genetic parameter estimates for volume.
Age
Parameter 4 5 6 7 8 12 16 20
h?es 0.74 0.72 0.74 0.74 0.76 0.77 0.89 0.85
H2es 0.80 0.80 0.83 0.87 0.86 0.90 0.95 0.90
h? 0.18 0.19 0.22 0.23 0.24 0.26 0.30 0.21
H 0.21 0.23 0.27 0.31 0.30 0.33 0.33 0.23
rs 0.70 0.71 0.76 0.80 0.79 0.80 0.99 0.87
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Table 6. Per-hectare yields for top ~10% of families vs. local seed orchard mix. Units in

3

m-.
Age
Series Group 4 5 6 7 8 12 16 20
SC_TPH1329 top 10% 30.6 58.5 110.3 1503  200.1 549.2 6314
SC_TPH1329 SOM 25.6 46.5 86.9 1142 1518 411.0 4655
SC_TPH1329 diff. 19.6% 25.9% 27.0% 31.6% 31.8% 33.6% 35.6%
GA _TPH1347b top 10% 20.5 36.0 65.3 91.7 114.0
GA_TPH1347b SOM 255 46.5 83.7 1176 1444
GA_TPH1347b diff. -19.5% -22.6% -21.9% -22.0% -21.1%
NC-VA TPH1994 | top 10% 20.6 333 58.5 89.7 113.0
NC-VA_TPH1994 SOM 18.5 27.6 43.8 63.9 76.6
NC-VA_TPH1994 diff. 11.0% 209% 33.7% 40.4% 47.5%
GA-TN_TPH2244 | top 10% 29.0 46.5 71.3 94.7
GA-TN_TPH2244 SOM 28.7 449 65.5 84.6
GA-TN_TPH2244 diff. 1.1% 3.5% 8.7%  11.9%
NC_TPH1329 top 10% 12.4 19.6 39.6 60.3
NC_TPH1329 SOM 12.5 18.0 34.4 57.1
NC_TPH1329 diff. -0.7% 88% 151% 5.7%
VA _TPH1794 top 10% 15.6 214 32.9 50.4 76.2 1731
VA _TPH1794 SOM 14.3 17.8 25.2 37.2 56.1  135.8
VA _TPH1794 diff. 89% 19.7% 30.6% 356% 35.8% 27.4%
FL-GA_TPH1604 | top 10% 14.7 23.7 41.1 56.6 76.7 1733
FL-GA_TPH1604 SOM 13.2 19.7 32.6 42.1 55,5  109.9
FL-GA_TPH1604 diff. 11.0% 205% 26.1% 345% 383% 57.8%
GA_TPH1347a top 10% 18.4 37.7 53.9 72.5 101.8 219.1
GA_TPH1347a SOM 18.5 37.7 53.5 72.9 102.9 2308
GA TPH1347a diff. -0.1% 0.2% 08% -05% -1.0% -5.0%
VA _TPH1537 top 10% 13.0 21.2 334 49.3 67.4 379.8
VA _TPH1537 SOM 12.7 19.2 28.8 41.0 55.2 304.3
VA TPH1537 diff. 21% 10.6% 159% 20.4% 22.2% 24.8%
Avg. diff. | 4.0% 9.4%  145% 17.2% 20.7% 26.7% 33.6% 30.2%
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Table 7. Per-hectare productivity for series mean volumes. Units in m®.

Age

Series 4 5 6 7 8 12 16 20
SC_TPH1329 31 61 101 138 181 477 590
GA_TPH1347b 19 35 60 86 106
NC-VA_TPH199%4 19 29 49 76 102
GA-TN_TPH2244 26 39 60 81
NC_TPH1329 12 19 44 55
VA_TPH1794 16 23 35 54 78 174
FL-GA_TPH1604 14 22 37 53 74 167
GA_TPH1347a 15 25 36 49 68 154
VA_TPH1537 14 20 33 48 66 328
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Table 8. Per-hectare SEVs for series mean volumes, using 2013 stumpage pricing
($11/Mg pulpwood, $17.50/Mg chip-n-saw). Prices in parentheses indicate negative

values.
Age

Series 4 5 6 7 8 12 16 20
SC_TPH1329 ($2,276) ($1,357)  ($614) ($173) $191 $1,634 $1,348
GA _TPH1347b ($2,595) ($1,859) ($1,267)  ($848) ($623)
NC-VA TPH1994 | ($2,734) ($2,090) ($1,529) ($1,063)  ($748)
NC TPH1329 ($2,766) ($2,168) ($1,519) ($1,242)
GA-TN_TPH2244 ($2,194) ($1,725) ($1,300) ($1,002)
FL-GA TPH1604 | ($2,760) ($2,163) ($1,666) ($1,313) ($1,008)  ($360)
VA TPH1794 ($2,763) ($2,187) ($1,729) ($1,318)  ($986) ($335)
GA TPH1347a ($2,681) ($2,054) ($1,643) ($1,325) ($1,033) (%$416)
VA TPH1537 ($2,758) ($2,185) ($1,717) ($1,357) ($1,079) $3
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Table 9. Per-hectare SEVs for series mean volumes, using $17.50 (A.), $22.00 (B.) and
$33.00 (C.) per Mg stumpage pricing. Prices in parentheses indicate negative values.

A. Per-hectare SEVs using $17.50/Mg stumpage pricing.

Age
Series 4 5 6 7 8 12 16 20
SC_TPH1329 ($1,798)  ($641) $339 $897 $1,369 $1,847  $1,422
GA_TPH1347b ($2,306) ($1,443)  ($704)  ($183) $68
NC-VA_TPH1994 | ($2,448) ($1,746) ($1,066)  ($475) ($86)
NC_TPH1329 ($2,581) ($1,939) ($1,109)  ($814)
GA-TN_TPH2244 ($1,886) ($1,356)  ($834)  ($474)
VA_TPH1794 ($2,519) ($1,922) ($1,403) ($899)  ($481) $300
FL-GA_TPH1604 | ($2,538) ($1,903) ($1,320)  ($906)  ($530) $249
GA_TPH1347a ($2,443)  ($1,754) ($1,306)  ($946)  ($589) $146
VA_TPH1537 ($2,544) ($1,944) ($1,407) ($981)  ($648) $316
B. Per-hectare SEVs using $22.00/Mg stumpage pricing.
Age
Series 4 5 6 7 8 12 16 20
SC_TPH1329 ($1,479)  ($164) $974 $1,610  $2,154 $2,596  $2,036
GA_TPH1347b ($2,113) ($1,166)  ($328) $261 $528
NC-VA_TPH1994 | ($2,257) ($1,516)  ($757) ($83) $355
GA-TN_TPH2244 ($1,681) ($1,111)  ($523)  ($122)
NC_TPH1329 ($2,458) ($1,787)  ($835)  ($529)
VA _TPH1794 ($2,356) ($1,745) ($1,186)  ($620)  ($144)  $723
FL-GA_TPH1604 | ($2,389) ($1,730) ($1,090)  ($634)  ($211) $656
GA_TPH1347a ($2,285) ($1,555) ($1,081)  ($693)  ($293) $521
VA_TPH1537 ($2,400) ($1,784) ($1,201)  ($731)  ($361) $658
C. Per-hectare SEVs using $33.00/Mg stumpage pricing.
Age
Series 4 5 6 7 8 12 16 20
SC_TPH1329 ($682)  $1,028  $2,562  $3,393  $4,117 $4,470  $3,573
GA_TPH1347b ($1,631)  ($473) $610 $1,370  $1,680
NC-VA_TPH1994 | ($1,780)  ($942) $15 $898 $1,458
GA-TN_TPH2244 ($1,168)  ($497) $253 $757
NC_TPH1329 ($2,150)  ($1,405)  ($152) $184
VA_TPH1794 ($1,950) ($1,303)  ($643) $79 $698 $1,781
FL-GA TPH1604 | ($2,019) ($1,296)  ($513) $45 $585 $1,672
GA_TPH1347a ($1,889) ($1,056)  ($519) ($60) $447 $1,458
VA_TPH1537 ($2,042) ($1,383)  ($684)  ($105) $356 $1,512
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Table 10. Per-hectare SEVs for top 10% of families vs. local seed orchard mix (SOM)
for each series, using 2013 stumpage pricing. Prices in parentheses indicate negative

values.
Age
Series Group 4 5 6 7 8 12 16 20
SC_TPH1329 top 10% | ($2,324) ($1,427)  ($493)  ($35) $377 $2,046  $1,504
SC_TPH1329 SOM | ($2.452) ($1,664)  ($861)  ($501)  ($146) $1,238  $834
SC_TPH1329 diff. $128 $237 $368 $466 $523 $808  $671
GA_TPH1347b top 10% | ($2,585) ($1,873) ($1,203)  ($795)  ($558)
GA_TPH1347b SOM | ($2.458) ($1,666)  ($914)  ($460)  ($229)
GA_TPH1347b diff. ($127)  ($206)  ($288)  ($334)  ($329)
NC-VA _TPH1994 | top109% | (2.718) ($2,037) ($1,405)  ($906)  ($646)
NC-VA TPH1994 | som | $2771) ($2.150) ($1,637) ($1,239) ($1,040)
NC-VA TPH1994 | diff. $52 $113 $232 $333 $394
GA-TN_TPH2244 | top 10% ($2,164) ($1632) ($1177)  ($874)
GA-TN_TPH2244 | som ($2171) ($1,657) ($1,251)  ($983)
GA-TN_TPH2244 | diff. $6 $25 $74 $109
NC_TPH1329 top 10% | ($2,790) ($2,192) ($1,604) ($1,197)
NC_TPH1329 SOM | ($2,788) ($2,223) ($1,685) ($1,239)
NC_TPH1329 diff. ($2) $31 $82 $42
VA _TPH1794 top 10% | ($2,803) ($2,237) ($1,778) ($1,387) ($1,020) ($357)
VA _TPH1794 SOM | ($2,836) ($2,307) ($1,899) ($1,558) ($1,238) ($583)
VA _TPH1794 diff. $33 $69 $121 $171 $218  $226
FL-GA_TPH1604 | top109% | (52.788) ($2,159) ($1,620) ($1,281)  ($992)  ($338)
FL-GA TPH1604 | SOM | ($2,825) ($2,238) ($1,754) ($1,469) ($1,222) ($723)
FL-GA_TPH1604 diff. $37 $79 $134 $188 $230  $385
GA_TPH1347a top 10% | ($2,639) ($1,839) ($1,381) ($1,042)  ($689)  ($37)
GA_TPH1347a SOM | ($2,638) ($1,840) ($1,388) ($1,037) ($678)  $34
GA_TPH1347a diff. ($0) $1 $6 ($5) $12)  ($71)
VA_TPH1537 top 10% | ($2,818) ($2,197) ($1,732) ($1,367) ($1,085) $158
VA TPH1537 SOM | ($2,825) ($2,237) ($1,804) ($1475) ($1,218) ($84)
VA TPH1537 diff. $7 $40 $72 $108 $133 $243
g:ff’ $16 $41 $84 $116 $158  $180  $808  $457
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Figure 1. Approximate locations of the nine test series analyzed. The tests within each

series were generally located in the same or contiguous counties
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Figure 2. Individual tree mean annual increment for height (A) and volume (B) for the

nine study test series.

53



APPENDIX

54



Appendix A. Genetic parameter estimates by series for height (A.) and volume (B.).
h?es is the narrow-sense family mean heritability, H?s is the broad-sense family mean
heritability, h% is the narrow-sense individual tree heritability, and H is the broad-
sense individual tree heritability. rg is the type-‘B’ correlation, which is the ratio of the

additive genetic variance to itself plus the variance associated with the additive-by-test
interaction.
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A. Genetic parameter estimates for height.

Age

Series Parameter 4 5 6 7 8 12 16 20
FL-GA TPA636 h%es 084 089 089 092 093 094
FL-GA TPA636 Hes 092 093 093 093 094 096
FL-GA_TPA636 h? 033 042 045 048 051 0.1
FL-GA_TPA636 H? 039 045 048 050 053 0.63
FL-GA TPA636 rg 096 094 094 093 093 0.96
GA_TPA545a h?es 079 076  0.79 0.8 0.77  0.65
GA_TPA545a Hes 0.87  0.89 0.9 0.9 0.88 0.84
GA_TPA545a h? 022 022 023 024 023 017
GA_TPA545a H? 026 030 030 030 030 0.27
GA TPA545a rg 092 087 087 08 078 07
VA_TPA726 h?es 069 073 078 081 08 077
VA_TPA726 Hes 086 087 092 093 094 092
VA _TPAT726 h? 014 018 028 031 032 03
VA _TPAT726 H? 021 025 038 041 043 043
VA TPAT726 re 074 073 082 08 087 084
GA-TN_TPA908 h?es 039  0.34 0.4 0.65
GA-TN_TPA908 H2es 0.67 068 065  0.68
GA-TN_TPA908 h? 008 007 010 0.19
GA-TN_TPA908 H?; 0.18 0.21 0.23 0.21
GA-TN TPA908 I 056 074 >099 >0.99
SC_TPA538 h?es 079 084 083 082 086 093 077
SC_TPA538 Hes 088 09 093 095 095 097 0.95
SC_TPA538 h? 021 03 035 035 042 042 022
SC_TPA538 H? 026 034 043 046 0.5 0.45 0.32
SC _TPA538 rg 078 081 086 092 097 0.98 >0.99
NC-VA_TPA807 h?es 083  0.79 0.7 072 077
NC-VA_TPA807 Hes 088 09 089 092 093
NC-VA_TPA807 h? 018 018 016 017  0.20
NC-VA_TPA807 H? 020 023 024 026 028
NC-VA TPA807 re 089 092 >099 092 092
VA_TPA622 h?es 057 068 079 079 0.74 0.72
VA TPA622 Hes 070 077 080 081 082 0.82
VA TPA622 h? 006 011 014 014 014 0.12
VA TPA622 H? 009 014 014 015 0.16 0.15
VA TPA622 rg 056 061 079 081 087 0.65
GA_TPA545b h?es 083 079 08 088 077
GA _TPA545b Hes 092 091 094 093 088
GA_TPA545b h? 032 029 046 047 032
GA_TPA545b H? 039 038 053 053 040
GA TPA545b re 089 080 087 083 0.70
NC_TPA538 h?es 086 083 091  0.73
NC_TPA538 Hes 092 09 093 093
NC_TPA538 h? 026 022 028 020
NC_TPA538 H? 03 026 029 031
NC TPA538 re >099 093 096 0093
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B. Genetic parameter estimates for volume.

Age

Series Parameter 4 5 6 7 8 12 16 20
FL-GA_TPA636 h?es 076 0.83 0.86 086 090 0091
FL-GA_TPA636 H2es 081 088 089 089 091 0091
FL-GA_TPA636 h? 021 029 033 034 039 043
FL-GA _TPA636 H?, 024 032 035 037 040 043
FL-GA TPA636 rg 073 089 088 087 089 0.89
GA_TPA545a h’es 079 077 074 076 074 0.70
GA_TPA545a H2es 087 087 086 088 087 0.86
GA_TPA545a h? 023 024 023 022 021 017
GA_TPA545a H?, 028 030 030 030 028 0.25
GA_TPA545a rg 083 078 073 077 071 0.68
VA_TPAT726 h’es 066 070 071 071 072 0.70
VA_TPAT726 H2es 084 086 091 091 092 092
VA_TPAT726 h? 012 015 019 020 022 0.9
VA _TPAT726 H? 019 023 029 032 034 0.32
VA TPAT726 re 070 071 078 0.80 083 0.84
GA-TN_TPA908 hks 0.17 024 038 0.51
GA-TN_TPA908 Hes 027 040 0.61 063
GA-TN_TPA908 h? 0.04 0.06 010 0.15
GA-TN_TPA908 H?; 010 015 021 0.22
GA-TN_TPA908 rg 013 020 044 052
SC_TPA538 h?s 084 087 090 0.90 0.90 0.89 0.84
SC_TPA538 H2es 084 087 091 093 094 0.95 0.91
SC_TPA538 h? 021 023 029 032 0.33 030 0.22
SC_TPA538 H?, 021 024 030 034 0.36 033 0.25
SC_TPA538 re 071 076 0.86 0.90 0.90 099 0.88
NC-VA_TPA807 h’es 080 082 076 0.79 0.84
NC-VA_TPA807 H2es 084 089 092 093 093
NC-VA_TPA807 h? 015 017 019 022 024
NC-VA_TPA807 H?, 016 020 0.26 030 0.29
NC-VA TPA807 rg 080 0.89 091 090 0.89
VA_TPA622 h’s 039 065 070 0.73 0.68 0.86
VA_TPA622 H2es 048 074 078 081 0.82 0.89
VA TPA622 h? 003 008 010 012 0.1 0.19
VA TPA622 H?; 004 011 013 015 0.16 0.20
VA TPA622 re 027 058 070 0.78 0.88 0.85
GA_TPA545b h’es 090 087 0.88 086 0.78
GA_TPA545b H2es 094 093 093 093 0.89
GA_TPA545b h? 037 035 0.39 038 030
GA_TPA545b H? 041 040 044 044 0.38
GA_TPA545b re 094 087 087 085 0.73
NC_TPA538 h2ks 074 081 084 0.71
NC_TPA538 H2es 078 0.87 091 0.93
NC_TPA538 h? 013 018 0.20 0.20
NC_TPA538 H?, 015 021 023 033
NC TPA538 re 062 080 0.87 0.92
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CHAPTER 2

GENETIC VARIATION IN SUGAR YIELD FROM LOBLOLLY PINE (PINUS
TAEDA L.) WOOD: I: ALKALINE AND DILUTE ACID ENZYMATIC
HYDROLYSIS OF STEMWOOD SAMPLES.
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Abstract
Loblolly pine (Pinus taeda L.) as the most productive forest tree species in the Southeastern
U.S. is a logical species of interest for biofuel production in this region. However, loblolly
pine biomass currently presents a challenge for producing ethanol; enzymatic hydrolysis of
polysaccharides from softwood pulp typically produces lower yields of fermentable sugars
than similar treatment of hardwood pulp. Many chemical and physical wood properties in
loblolly pine are subject to genetic control, and variation in some of these properties will

likely have an effect on the efficiency of ethanol production.

Wood samples were collected from a series of 8-year-old clonal trials in South Carolina and
Georgia. Clonal varieties of loblolly pine were divided into groups using a cluster analysis
based on near-infrared (NIR) spectra of ground wood samples from multiple individual trees,
or ramets, of each of the clonal genotypes. NIR spectra reflect chemical and physical wood
properties, so the clustering should have produced groups of clones that are similar for some
combination of these properties. The cluster analysis was performed on 178 clones, and a
subset of these clones was selected for enzymatic hydrolysis. Wood samples from three
pooled ramets of each clone in this subset were tested, using enzymatic hydrolysis after a
dilute acid or alkaline pretreatment to produce data on sugar yields for each clone. Sugar
yield is directly correlated with ethanol yield since the sugar is fermented to produce ethanol.
The lowest yielding treatment was a dilute acid pretreatment followed by enzymatic
hydrolysis using 20 filter paper units (FPU) of enzyme, which produced an average of 210

mg sugar/g wood. The highest yielding treatment was an alkaline pretreatment followed by
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enzymatic hydrolysis using 40 FPU as well as mechanical beating, which produced 520 mg
sugar/g wood. The NIR clustering as well as a number of wet chemistry-determined wood
properties were significant predictors of sugar yield for most of the treatments. Given the
high heritabilities of most chemical and physical wood properties, these results suggest that it

should be possible to identify superior genotypes for biofuel production using NIR analysis.

Introduction
An obstacle to the development of a biofuels industry is that bioconversion techniques are
still developing; Burkheisser (2010) and Mousdale (2008) provide a good picture of the
current state of biorefining technologies. At the same time, the type and quantity of locally
produced feedstock available will guide the selection of conversion technology.
Biochemical techniques focus on hydrolytic processes that retrieve the sugars from the
cellulose and hemicellulose. These techniques can use a variety of chemical and/or enzyme
treatments to help loosen the grip of lignin on the carbohydrates and to break down those
carbohydrates. Biochemical conversion is typically assisted by chemical and/or enzymatic
agents, and fermentation of the sugars can be improved through specially tailored microbes
(Mousdale 2008). For cellulosic ethanol, the main difficulty is extracting the valuable
sugars from the biomass with as little input and as little sugar loss as possible. The structural
properties of these lignocellulosic feedstocks are variable, which means that biochemical

conversion techniques will need to be calibrated for specific feedstocks.
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Thermochemical techniques for biofuel production involve the application of heat to the
biomass. The type of biomass and the conditions of the heating will affect the production
process, but typical outputs of thermochemical methods are water, oils, charcoal, and
synthesis gases (Overend 2004). The removal of water is essential for producing these
products, and the amount of water in the biomass at the beginning of the thermochemical
process can have a big effect on the amount of energy consumed during the heating process.
Bio-oils can often be used in diesel fuels, and charcoal can be burned for energy as can raw
biomass, such as firewood. The syngas produced can be converted to liquid fuel via Fischer-
Tropsch reactions (Mousdale 2008). Thermochemical methods of biofuel production tend to
avoid the problems caused by lignin in the biochemical methods, as lignin is an energy-rich
polymer than is pyrolyzed or combusted along with the carbohydrate components. Lignin, as
a byproduct of any biochemical or thermochemical process, may also have a higher use as a

renewable source for a variety of useful aromatic compounds (Pandey and Kim 2011).

In making cellulosic ethanol from woody biomass via enzymatic hydrolysis, lignin is the
major obstacle to overcome. Lignin, an irregularly branching aromatic phenylpropanoid
polymer, serves as the “glue” that binds the cellulose and hemicellulose components of wood
together and gives woody biomass its strength. The initial phase of the hydrolysis process is
generally a pretreatment method designed to make the lignin “release” the cellulose, making
it available to undergo hydrolysis (Hu et al. 2008). Lignin fills in the spaces around the
cellulose and hemicelluloses in the secondary cell wall and is thought to form covalent bonds

with the hemicellulose. Lignin is a very difficult polymer to break up, and the loss of
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cellulose and hemicellulose can be an issue due to the harsh chemical processes needed to
degrade the lignin. Hardwoods have been thought to be preferable feedstocks for enzymatic
hydrolysis, as the lignin composition of hardwoods tends to lead to easier hydrolysis and

superior sugar yields (Greithlein et al. 1984; Ramos et al. 1992; and Yu et al. 2011).

Softwood has been shown to be especially recalcitrant compared to hardwood in terms of
percent sugar yield relative to total available carbohydrate (Grethlein et al. 1984, Ramos et
al. 1992). The major causes of lower sugar yields in softwood are related to the
characteristics of softwood lignin. The composition of cellulose is the same in both
hardwood and softwood, and is not the cause of softwood recalcitrance. Grethlein et al.
(1984) found very different glucose yields for white pine and mixed hardwood chips
(maximums of 65 and 95%, respectively), whereas potential glucose was the same for both
samples (42%). While average cellulose contents across species may be lower for softwoods
(Pettersen 1984), this does not account for the differences in sugar yields. Additionally, most
softwoods have larger hemicellulose fractions than hardwoods (Mabee et al. 2006).
Softwood hemicelluloses tend to contain more mannans than xylans, and as such should
actually be easier to digest than hardwood hemicelluloses, which generally contain more

xylans (Grethlein et al. 1984, Gregg and Saddler 1996, Saha 2003).

Much of the recalcitrance of softwood relative to hardwood sugar yields is related to the

differential chemical composition of softwood and hardwood lignin. Lignin is produced via

the shikimic acid metabolic pathway. The shikimic acid pathway is also responsible for
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production tannins and other phenolic extractives in the wood. The shikimic pathway
produces the amino acids tyrosine and phenylalanine, which in turn produce the lignin
monomer precursors via the cinnamate metabolic pathway. The three lignin monomer
precursors p-coumaryl, coniferyl, and sinapyl alcohols (Figure 1) become the lignin p-
hydroxyphenol, guaiacyl, and syringyl subunits, respectively. Lignin monomers are
combined, through a process of radicalization and coupling, to create the lignin polymer

(Vanholme et al. 2010).

Softwood lignin varies from hardwood lignin in that it contains a preponderance of guaiacyl
units, whereas hardwood has significant amounts of both guaiacyl and syringyl units
(Sjostrom 1993, Stenius 2000). Both softwoods and hardwoods contain small fractions of p-
hydroxyphenol units. Syringyl units (which are not present in softwoods) tend to form fewer
interlinking bonds during the biosynthesis of lignin. This is due to the absence of a free
position on the phenyl group which is available in guaiacyl units. That is, the carbon-3 and
carbon-5 positions on the phenyl group in syringyl units are occupied by methoxy groups,
whereas in guaiacyl units only the carbon-3 position is methoxylated. This means that the
carbon-5 position is available for crosslinking during biosynthesis of the lignin polymer in
softwood. Under acid cooking conditions, guaiacyl ring carbons have been found to be less
reactive than syringyl ring carbons, and the condensation products of guaiacyl-based lignin
are more stable (Shimada et al. 1997). This means that under pulping conditions, softwood is

less amenable to delignification, which will result in less sugar yield compared to hardwood.
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The stability of softwood lignin is probably due to the unmodified phenyl ring position on the

guaiacyl monomer.

An additional drawback to softwood lignin is its effect on the interaction of enzymes with the
cellulose and hemicellulose. Pan et al. (2005) found that softwood lignin reduces the
efficacy of cellulase enzymes in two ways, physically blocking the access of the cellulase to
the cellulose, and binding to cellulases and rendering them inactive. Removal of a portion of
the lignin improved hydrolysis results, indicating that the lignin formed a physical barrier,
and experiments with adding extra proteins to the reaction showed that a portion of the
lignin likely does have an affinity for protein, which affirms that cellulase is captured by the
lignin. In comparison, cellulase was not shown to have affinity for adsorption for a variety of

hardwood substrates (Yu et al. 1995).

Research has been done on the recycling of enzymes in the hope of improving the efficiency
and cost of enzymatic hydrolysis. Hydrolysis of the entire substrate is essential to effective
enzyme recovery. Substrate residues with higher lignin contents will not hydrolyze as well
as substrates with lower lignin contents, and lower levels of cellulase enzyme recovery have
been observed from these high-lignin samples (Lee et al. 1994). Since softwood lignin is
more likely to build up in the substrate, enzyme recovery will be inhibited for softwoods
(Boussaid and Saddler 1999). The fact that softwood also starts with slightly higher lignin
content than hardwood does not help (Pettersen 1984). The buildup of softwood lignin in the

substrate is likely due to its relative stability in reaction, compared to that of hardwood.
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However, work in the area of enzyme recovery suggests that it may be possible to achieve
better results in softwood using an ultrafiltration cell with a high molecular weight membrane

(Lu et al. 2002).

The term ‘lignin-carbohydrate complex’ refers to the interlinked, covalently-bonded system
of lignin, hemicellulose, and cellulose. In softwood, these complexes seem to have more
stability than in hardwood (Karlsson and Westermark 1998). In addition, softwood lignin
seems to restrict the amount of surface area accessible to the enzyme in two ways: Firstly,
softwood lignin may reduce the porosity of the substrate, meaning that the enzyme has little
ability to penetrate the lignin-carbohydrate complex (Mooney et al. 1998, Yu et al. 2011).
Secondly, guaiacyl-based lignin restricts the swelling of the cellulose, further interfering with

enzyme access (Mooney et al. 1998, Ramos et al. 1992).

In summary, the recalcitrance of softwood is likely due to the particular chemical
composition of guaiacyl-type lignin. The presence of the unmodified phenyl ring position in
coniferyl alcohol causes softwood lignin to be much more stable relative to hardwood lignin.
The strength of the crosslinking between guaiacyl-units makes softwood more resistant than
hardwood to delignification and makes the wood carbohydrates less accessible to enzymes.
Additionally, softwood lignin also absorbs cellulase and hinders enzyme recovery to a

greater extent than hardwood lignin.
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Genetic Control of Wood Properties

Wood properties are largely defined by the properties of the cell wall, and given that lignin is
a major component of the cell wall, it is likely that genetic manipulation of wood properties
will have some bearing on the characteristics of the lignin present in the wood and thereby
the recalcitrance of the wood. Wood qualities tend to be under strong genetic control (have
high heritability, h* = 62genetic/ G%phenotypic), Which should enable the identification of particular
varieties well suited to bioconversion. For example, modifications to cellulose and lignin
content in softwoods should be possible; in loblolly pine, Sykes et al. (2006) found half-sib
family mean heritabilities of 0.46 and .56 for transition wood cellulose and lignin content,

respectively.

Wood specific gravity, generally considered to the most important single wood property, has
h2 values between 0.4 and 0.7 in conifers (Zobel and van Buijtenen 1989). Higher specific
gravity is related to lower moisture content, meaning families with higher specific gravity
will produce more biomass per green ton than families with lower specific gravity. Specific
gravity is closely related to other cell properties, such as latewood percentage, cell wall

thickness, cell (tracheid/vessel) length (h? of .44), and cell diameter.

Microfibril angle (the physical orientation of the cellulose bundles to the axis of the cell) is
closely correlated with cell length and wall thickness (Zobel and van Buijtenen 1989). This
may be of significance in the delignification process as microfibril angle likely has an impact

on the disposition of the lignin in the cell (Chaffey 2000), and more importantly, on the
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pulping process itself. Microfibril angle has been found to be under some genetic control in
Eucalyptus (h*=0.29 and 0.43 in Lima et al. 2005 and Hein et al. 2012, respectively), Pinus
radiata (h? = 0.37 to 0.62; Baltunis et al. 2007) and Pinus taeda (h’* = 0.17 to 0.51,

Myszewski 2004; H? (clone mean repeatability) = 0.79, Isik et al. 2008).

Compression wood is also under genetic control; Shelbourne et al. (1969) found a very high
heritability for compression wood in loblolly pine (h? = 0.95). This genetic effect on
compression wood makes sense, as compression wood is highly related to stem straightness
(Zobel and Haught 1962), which has moderate heritability (h* = .38; Shelbourne and
Stonecypher 1971). The relevance of compression wood for pulp and biomass is related to
the fact that compression wood in conifers contains an overall higher level of lignin (Zobel
and van Buijtenen 1989) as well as an elevated level of p-hydroxyphenyl monolignols (the
precursor of which is coumaryl alcohol). p-Hydroxyphenyl monolignols lack methoxy
groups at both the carbon-3 and carbon-5 phenyl groups, resulting in lignin with more
crosslinks that may be even more difficult to process than guaiacyl units (Whetten and

Sederoff 1991).

Juvenile wood is also a concern for biofuel production. The area of juvenile wood formation
encompasses the first 5 to 20 growth rings, depending on the species (Zobel and van
Buijtenen 1989), and has different wood properties than that of mature wood. In pine, this
can include lower specific gravity, higher moisture content, thinner cell walls, short cell

lengths, higher levels of compression wood, and higher levels of lignin (Zobel and Blair
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1976). Given that the two major sources of pine biomass that will likely be available for
biorefineries are thinnings and young biomass plantations, juvenile wood will likely make up
a major proportion of the biomass being processed at a biorefinery. In loblolly and slash
pine, there is genetic variation for transition age when juvenile wood formation gives way to

the development of mature wood (Loo et al. 1985; and Hodge and Purnell 1993).

Evaluation of wood properties and components through wet chemistry can be time-
consuming and expensive. However, there are spectroscopic methods that can predict many
of these properties. Near infrared reflectance (NIR) spectroscopy is one such technique,
wherein light reflection or absorption of a sample is measured for some portion of the near
infrared light spectrum (typically wavelengths from 700 up to 2500 nm). Early uses of this
technique in forestry include analysis of foliage for nitrogen, lignin, and cellulose content
(Wessman et al. 1988, McClellan et al. 1991, Martin and Aber 1994). These studies
correlated NIR spectra to wet-lab measurements of these wood properties using multiple
linear regression methods. Another statistical method for correlating laboratory
measurements with spectral data is partial least squares (PLS; also referred to as projection to
latent structures) (Martens and Jensen 1983). This technique can be better than stepwise
multiple regression, providing predictions with lower standard errors (Shenk and Westerhaus
1991). PLS models can take more wavelengths into account than can linear regression

models and are able to deal with the correlations between nearby wavelengths.

NIR spectroscopy has been used for prediction of wood and pulp properties (Wright et al.
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1990, Antti et al. 1996, Kelley et al. 2004a & b, Hodge and Woodbridge 2010). Kelley et al.
(2004a) successfully used NIR spectroscopy to make predictions of modulus of elasticity and
modulus of rupture in six softwood species. For most models, the correlations between
predicted and actual measurements exceeded 0.80. A study on predicting lignin and sugar
content in loblolly pine using NIR spectra also found correlations that were generally higher
than 0.80 (Kelley et al. 2004b). More recently, Hodge and Woodbridge (2010) have
combined data from seven pine species (tropical and temperate) to develop global prediction
models for lignin and cellulose content in pines. Correlation coefficients from these global
models were high (0.97 for lignin and 0.82 for cellulose). Predicting other wood properties
in loblolly pine such as cell length and wall thickness/lumen diameter using near-infrared
spectra has also been demonstrated (Sykes et al. 2005; Aspinwall et al. 2010).

This experiment looks to improve outcomes for biofuel development in the Southeast
through investigation of variation in sugar yields and optimization of chemical pretreatments.
To foster the development of a biofuel industry, it will be useful to determine what traits (if
any) have the potential to improve the efficiency of the conversion of loblolly pine to ethanol

via enzymatic hydrolysis.

Methods

Wood samples were collected from a series of 8-year-old clonal trials conducted by Plum
Creek Timber Company and CellFor Inc. The trees for this test were produced using somatic

embryogenesis, a technique wherein plant embryos are cultured and bulked up to produce
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clonal replicates. The test site was laid out in an alpha-lattice, randomized incomplete-block
design, with single-tree plots. In all, approximately 200 clones from 13 full-sib and two half-
sib families were tested. Wood samples were collected from a group of 178. Three entire
replications were sampled at each of three separate trials (one treatment was in Holly Hill,
SC and two were in Oliver, GA). The replications contained between 216 and 220 ramets.
Approximately 1700 cores were taken. The purpose of sampling from a large number of
clones was to provide a diverse group from which to select a subset for harvest and
subsequent enzymatic hydrolysis. The criteria used to select this subset will be described

below.

Each wood sample consisted of a 12 mm wood core taken at approximately breast height (1.4
m). Avoidance of compression wood and branch scars was prioritized over the taking of
each core at precisely breast height. Entire cores were oven-dried for a minimum of two
days. Half of each core (minus the bark and first year of juvenile wood) was ground in a
Wiley mill using a 20-mesh screen. Prior to being ground, the half-cores were cut into pieces
using hand clippers in order to facilitate the loading of the samples into the mill. The
powdered samples were subjected to near-infrared spectroscopy for reflectance wavelengths
(using a FOSS NIRSystems model 6500). A spinning sample cup for reduced sample sizes
was used. Data were collected at two nanometer intervals in the near-infrared range from
1100 to 2498 nm. The powdered samples were stored in small scintillation vials in boxes of
100. The vials were uncapped and placed in the laboratory where the NIR spectrometer was

located for a minimum of 48 hours before scanning. This was done to allow the samples to
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reach equilibrium with the humidity and temperature conditions present inside the

spectrometer.

Best linear unbiased predictions (BLUPSs) for each wavelength for each clone were compiled
to produce a predicted spectrum for each clone. This analysis was done using ASReml 2.0
(Gilmour et al. 2006) to fit the following mixed effects model for each wavelength for all

clones:

Yijkimn = B+ Si + R(S)jj + Bk + M; + Cin + &ijimn (1)

where:

Yijimn 1S the nth observation of the mth clone in the jth rep,
u is the overall mean,

Si is the effect,

R(S);; is the jth fixed replication effect within the ith site,
Bk is the kth fixed box effect,

M; is the Ith fixed mill effect,

Cn is the mth random clone effect ~NID (0, czg),

gijumn s the random error term ~NID (0, o%).
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The samples were processed by the box, so the box effect was included to account for drift in
the laboratory equipment over time. The mill effect was included because two Wiley Mills
were used for processing the samples. ASReml incorporates pedigree into the analysis in
order to construct a genetic relationship matrix. This serves to adjust clonal BLUPs based on
the performance of relatives. Using the variance components produced by this analysis,

broad-sense heritability (clone mean repeatability) for each wavelength was calculated as:

H2 = og/(0g + Ge/N) 2

Where H?is the broad-sense heritability, og is the genetic variance, o is the error variance,
and n is the mean number of ramets per clone. oyis the variation due to clone, and combines
both heritable and non-heritable genetic effects. As such, the clone mean repeatability is
informative about the performance of clonal genotypes, but will not be informative about
how much of that variance is heritable. o is the portion of the variance which is unexplained

by the model.

These predicted clonal spectra were then subjected to a hierarchical cluster analysis. The
software package R was used for this analysis (R Core Team 2012). First, a matrix of
Spearman correlations between predicted clonal spectra was created using the cor() function.
Then, using the dist() function, a distance matrix was created which centered these
correlations around zero. The dimensions of the correlation and distance matrices were 178

by 178, comparing every clone to all the other clones. The hierarchical clustering was done
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using the distance matrix and the hclust() function. This agglomerative clustering process
starts with all the clones being in their own clusters. At each step of the clustering process,
the two clusters with the smallest distance between them are merged. The complete linkage
method was used, meaning that when the distance matrix is recalculated after clusters are
merged, the distance between a new cluster and others is dependent on the maximum
difference between that cluster’s members and the other clusters (EI-Hamdouchi and Willett

1989).

The resulting clusters were used to inform the design of a harvesting strategy to select clones
for enzymatic hydrolysis. The goal was to choose clones that encompass the variation
available in the sampled clonal trials. Since NIR spectra reflect chemical and physical wood
properties, the clustering should have produced groups of clones that are similar for some
combination of these properties. If a cluster can be identified that is superior for sugar yield,
this may provide a quick way of identifying superior genotypes for sugar production. To
have been considered for harvesting and testing for conversion efficiency, a clone must have

had samples from greater than at least three ramets; 151 clones met this criterion.

Lignin and cellulose contents were determined using a previously derived calibration curve
based on a comparison of NIR spectra to the results of a wet chemistry analysis of actual
lignin and cellulose contents (see Hodge et al. 2004 for details on the development of this
calibration curve). Hodge and Woodbridge (2010) discuss the development of this model to

predict wood properties across pine species.
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Using the cluster analysis and cellulose and lignin content predictions, 23 clones were
selected to be harvested and converted using enzymatic hydrolysis. Selections were spread
across six clusters (three clones for cluster one, four each for clusters two through six). The
23 selections also captured a cross section of variation in lignin and cellulose content (Table
1; Figure 4). Three ramets of each clone selected were sampled in order to obtain a better
representation of the clone. However, due to time and labor constraints, the ramets for each
clone were bulked into a single sample for the enzymatic hydrolysis experiment. A 2.4 m
bolt from the lower bole of each ramet was collected from the field. These bolts were
harvested from a single site in Holly Hill, SC. The bolts were debarked and chipped, and
these chips were then mixed to obtain the clonal representative sample for use in the
enzymatic hydrolysis experiment. Unfortunately, several samples were lost during the

processing phase, so data was obtained for only 17 out of the original 23 clones.

Prior to enzymatic hydrolysis, three different pretreatments were tested: dilute acid, alkaline,
and alkaline with mechanical beating (10,000 rotations in a PFI-type beater). The purpose of
pretreatment is to release the cellulose from the lignin, thereby making the cellulose available
for enzymatic hydrolysis. Additionally, multiple levels of enzyme loading were tested: One
level of enzyme (20 FPU, or filter paper units) was used for the dilute acid pretreatment and
three levels of enzyme (10, 20, and 40 FPU) were used for the alkaline and alkaline with
mechanical beating pretreatments, for a total of seven treatments. Each treatment was
applied to the bulked mixture of wood chips representing each clone. Wood properties for

these samples, including lignin %, cellulose %, total carbohydrate %, extractive %, ash %,
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coarseness (mg/m), and fiber length (mm), were measured using wet chemistry. The bolt
processing, wet chemistry, and enzymatic hydrolysis were performed at the Department of

Forest Biomaterials at NC State University.

In addition, 31 of the original powdered wood cores, selected for divergent (high and low)
lignin contents were also subjected to wet chemistry analysis of wood properties, in order to
test the accuracy of the NIR predictions and to see how much variation in lignin content
existed in the population. The TTEST procedure in SAS (SAS 9.2, SAS Institute, Cary, NC)
was used to test the significance of the difference between the high- and low-lignin content
cores, and the CORR procedure was used to check correlations between predicted and

measure lignin and cellulose contents, as well as lignin content and sugar yields.

A statistical model was fit for each treatment with sugar yield as the dependent variable.
Independent variables tested for significance included NIR cluster, lignin %, cellulose %,
total % carbohydrate, extractive %, coarseness (mg/m), and fiber length (mm). Insignificant
effects were removed from the models, unless their inclusion helped the significance of other
model parameters. Due to the loss of the several of the samples, one of the clusters was left
with only one observation. This data point was removed so that the clusters in the mean
separation tests would all have more than one observation. The GLM procedure in SAS

(SAS 9.2, SAS Institute, Cary, NC) was used to fit the linear models:

Yij=pu+Ci+Balji+ BaUj2 + B30js + BsEja+ PsRjs + BeF s + &ij (3)
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where:

Yij is the jth observation in the ith cluster,

Ci is the ith fixed cluster effect,

L1 isthe percent lignin covariate,

Uj>  isthe percent cellulose covariate,

Ojs  Is the percent total carbohydrate covariate,
Ejs Is the percent extractive covariate,

Rjs Is the fiber coarseness (mg/m) covariate,
Fie Is the fiber length (mm) covariate,

& is the random error term ~NID (0, o%).

The Waller multiple range test was used to test cluster means for significant differences.

Results
Mean sugar yields were calculated for each treatment and ranged from 210 to 521 mg
sugar/mg wood (Table 1). The lowest-yield treatment was the one using a dilute-acid
pretreatment, and the highest yielding treatment was that with the alkaline pretreatment,
mechanical beating, and the highest level of enzyme (40 FPU). Analysis of the treatment
means indicates a significant difference between the dilute acid treatment and the green
liquor treatment that used the same amount of enzyme (DA20 and ALK20). Increasing
enzyme levels consistently produced greater yields of sugars for both the mechanical beating

and non-mechanical beating pretreatments. Use of mechanical beating increased sugar yields
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by more than 100 mg/g wood compared to treatments with equivalent levels of enzyme that

did not use mechanical beating.

Predicted lignin content for all samples ranged from 25.7 to 27.9%, with a mean of 27%
(Table 2a). For predicted cellulose contents, the range was 40.1 to 42%, with a mean of
41.1%. Lignin and cellulose contents for the stemwood samples, as determined through
benchtop wet chemistry measurements, had wider ranges and higher standard deviations
(Table 3) than were predicted from the NIR spectra (Table 2b). There was no correlation
between measured and NIR-predicted lignin content for these samples (r = 0.23, p = 0.37)
(Figure 5). This was also the case for the correlation between measured and NIR-predicted

cellulose content (r = -0.04, p=0.89).

However, for a group of 31 powdered wood cores that also underwent enzymatic hydrolysis,
the correlations between predicted and measured contents were better: For lignin content, the
correlations between measured and predicted were r = 0.60 (p=.067) and r = -0.48 (p=0.027)
for the high- and low-lignin samples, respectively (Figure 6). A t-test indicated that the high-
and low-lignin groups were significantly different for predicted and measured lignin content
(p<0.0001 in both cases). For cellulose content, the correlation was r = 0.63 (p = 0.0001)
(Figure 6). These powdered samples were the same samples from which the NIR spectra
were obtained, so the stronger relationships between the measured and predicted contents for

these samples compared to the stemwood samples are expected.
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The correlations between lignin content and sugar yields for each treatment were calculated
to test if lignin had an obvious impact on sugar yields. However, the resulting correlations
were moderately- to highly-non-significant (p-values ranged from 0.092 to 0.587). Only one
treatment, ALK40PFI, had a negative correlation between lignin content and sugar yield (r =

-0.40, p = 0.108).

The analysis of the NIR spectra indicates a range of 0.23 to 0.60 for clone mean repeatability
for each individual wavelength across all clones (Figure 2). This suggests that some
wavelengths are likely subject to greater genetic determination than others. This information
was not used in the hierarchical clustering, however, as the BLUP-generated spectra already
include the genetic component of variation. Six clusters were used for grouping the clones
(Figure 3). This allowed for a sample size of 3-4 clones per cluster to be harvested for the
conversion phase of the experiment, which kept the overall size of the experiment at a
reasonable level. Predicted lignin and cellulose contents were also used to pre-screen the
selected clones to maximize variation for the conversion experiment. The selected clones
represent a good cross section of the available variation in cellulose and lignin content (Table

2a & b, Figure 4a & b).

Models with overall p-values < 0.05 were found for three of the seven treatments (Table 4).
Two of the models for other treatments just missed this significance threshold. In general, r?
increased and significance of individual factors increased as the treatment level became more

intense (i.e., increasing enzyme level and adding mechanical beating pretreatment). Wood
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composition and wood property factors were significant for many of the models. Cluster was

also significant for all but one treatment: DA20, which was the lowest yielding treatment.

Mean separation tests indicate statistically significant pairwise differences between clusters
within five of the treatments (Table 5). Cluster differences were not assessed for dilute acid
as the term was removed from the model for that treatment. The ALK20PFI and ALK40PFI
treatments are the only treatments for which one cluster is significantly different from all
others. For all treatments, cluster three is the top ranking cluster. There is no obvious pattern
to the rankings of the other clusters, 1, 2, 4, & 5 (6 was omitted as it had only one

observation).

Discussion
As expected, increasing enzyme dose and applying mechanical beating to the samples
increases sugar yields. It is notable, however, that for alkaline pretreatments both with and
without mechanical beating, the increase of 10 FPU (i.e., going from 10 to 20FPU) causes an
equal or slightly greater increase in sugar yield compared to the increase of 20FPU (i.e.,
going from 20 to 40 FPU). The samples averaged 62% total carbohydrate content (Table 3).
The treatments with no mechanical beating - DA20, ALK10, ALK20, and ALK40 -
averaged 210, 228, 332, and 414 mg sugar/mg wood, respectively (Table 4), which equals
34%, 37%, 54%, and 67% total conversion of the carbohydrate fraction, respectively. For
the treatments with mechanical beating — ALK10PFI, ALK20PFI, and ALKA40PFI — the

average sugar yields were 341, 445, and 521 mg sugar/g wood, with corresponding total
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carbohydrate conversions equal to 55%, 72%, and 84%, respectively. This indicates
diminishing returns from increasing enzyme use, which is expected as there is a limited pool
of sugars on which the enzymes can act. Additionally, those sugars not removed by the

lower enzyme doses are likely to be more difficult to extract from the lignin structure.

NIR cluster as well as a number of wood property measures were significant for predicting
sugar yields. It is not surprising that the wood properties would have a significant impact on
sugar yields: cellulose and total carbohydrate indicate the amount of sugars present with in
the wood, and lignin content, coarseness, and fiber length would tend to impact the
availability of these carbohydrates. It is interesting that the significance of the models as
well as of individual predictors generally increases as more intensive treatments are used.
One interpretation of this trend is that as sugar yields increase, factors that affect these yields
tend to become easier to detect. For several of the models, a relatively non-significant
parameter was included in order to improve the significance of other model parameters
(Table 4). This occurred with the fiber coarseness parameter for the ALK20 and ALK40
models. Removal of this parameter caused previously significant parameters to become non-
significant, and decreased overall model significance. Removing additional parameters did
not improve the model. The implication of this is that sugar yield is a complex trait that is
affected by a number of different wood characteristics. It is encouraging that this
experiment, with a relatively small number of data points for each treatment, was able to

detect some of these effects.
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The significance of cluster in most of the models, which also contain these wood property
measures, indicates that cluster represents some other trait or combination of traits that are
not present in the models. Since these NIR clusters were derived from BLUP predicted
spectra, which in turn are a representation of physical and chemical wood properties, there
can be some expectation that the trait or traits represented by cluster have a heritable
component. This is reflected by the moderate broad-sense heritabilities found for
wavelengths across the NIR spectrum (Figure 2). In addition, many of the wood properties
that are significant predictors for sugar yield are known to be heritable. This has positive

implications for hopes to increase sugar yields through genetic improvement.

The wet chemistry measurements for lignin and cellulose are, as expected, significant
predictors of sugar yields. However, for the 17 clonal bulked samples used for the
conversion experiment, the correlations between the NIR-predicted and the wet chemistry-
determined lignin and cellulose contents are surprisingly low. However, these correlations
are much better for a set of 31 powdered samples from the initial NIR screening phase of the
experiment. Several factors may be involved in this. First, the 31 powdered samples were
from the set of powders that were used to produce the NIR spectra. In contrast, while the set
of 17 clonal bulks may have included some of the same trees as were included in the NIR
analysis, the samples themselves were chips taken from the lower eight feet of stemwood.
As such, it is not surprising that the wet chemistry results would be better correlated to the 31
powdered samples. Also, great care was taken to select cores composed of clear wood, and

only the better half of each core was used for the powdered sample. In comparison, wood
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defects (e.g. branch scars, compression wood) were not eliminated from the chipped
stemwood samples, which would increase the differences between these solid-wood samples
and powdered samples. Another possibility is that the small number of data points (17)
contributed to the poor relationship between the predictions and the wet chemistry

measurements.

Conclusion
There is significant improvement in extracting sugars for fermentation to ethanol from using
an alkaline pretreatment instead of a dilute acid pretreatment. Increasing enzyme loads also
improves sugar yields, but there appears to be a point of diminishing returns as more of the

easily extracted sugars are released and additional enzyme additions are less effective.

Clusters derived from NIR spectra were, along with several other wood properties,
significant for explaining variation in sugar yield. This is encouraging, in that it implies that
there are heritable traits in loblolly pine that can likely be manipulated to improve conversion

efficiency.
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Tables and Figures

Table 1. Sugar yield means, minimums, and maximums by treatment. Units are mg
sugar/g wood. Treatment means with the same letter groupings are not significantly
different. DA20 is dilute acid pretreatment with 20 FPU enzyme, ALK10 is an alkaline
pretreatment with 10 FPU of enzyme, and so forth. ALKILO0PFI is an alkaline
pretreatment with mechanical beating and 10 FPU. N = 17 for all treatments.

Treatment | DA20 ALK10  ALK20 ALK40 ALKI10PFI ALK20PFI ALK40PFI
Mean 210° 228° 332" 414° 341° 4451 521°
Std. dev. 20 53 63 60 61 66 35
Max 248 295 455 545 466 582 585
Min 173 136 234 310 258 339 446

89



Table 2. Summary statistics for lignin and cellulose content predictions computed from
NIR spectral data;

a. For the full complement of clones (N=151) considered for harvesting.

Predicted Value Minimum Maximum
(%) Mean Std. Dev. Value Value
Lignin 27.0 0.4 25.7 27.9
Cellulose 411 0.4 40.1 42.0

b. For the clones selected for harvest (N=23).

Predicted Value Minimum Maximum
(%) Mean Std. Dev. Value Value
Lignin 27.0 0.5 26.0 27.9
Cellulose 41.0 0.3 40.4 41.6
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Table 3. Summary of data for wet chemistry-determined properties.

Total  Cellulose Total Extractives  Ash Coarseness, Fiber length,
lignin % Carbohydrates % % mg/m mm
% %
Mean 30.4 39.7 62.5 3.3 0.3 5.9 2.2
Std. dev. 1.4 1.0 1.0 0.5 0.1 1.9 0.3
Max 32.1 41.6 63.9 4.5 0.5 8.5 2.8
Min 28.1 37.8 60.7 2.5 0.2 2.6 1.9




Table 4. Summary of multiple linear regression models for each of seven treatments.
The response variable in each model is the sugar yield produced by a given treatment.
R? is the model coefficient of determination.

Predictor significance level (p-value)

?ﬁlggg:l lignin | cellulose total extractive | coarseness fiber

Treatment Lo R? | cluster carbohydrate length
significance % % % (mg/m)
% (mm)

(p-value)
DA20 0.11 0.29 0.12 0.07
ALK10 0.06 0.68 | 0.06 0.05 0.04
ALK20 0.04 0.92 | 0.02 0.04 0.03 0.01 0.01 0.12 0.06
AKL40 0.11 0.86 | 0.05 0.04 0.03 0.02 0.07 0.21 0.07
ALKI10PFI 0.08 0.83 | 0.03 0.03 0.03 0.02 0.02 0.05
ALK20PFI 0.03 092 | 0.01 0.005 0.007 0.004 0.09 0.006 0.02
ALKA40PFI 0.01 0.92 | 0.005 0.001 0.01 0.02 0.04 0.09
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Table 5. Mean sugar yields by cluster for each treatment. DA20 treatment not shown

as cluster was not included in the model for that treatment. Different letter groupings

indicate significant differences between clusters.

ALK10 ALK20 ALKA40 ALK10PFI ALK20PFI ALK40PFI
Clust. Mean | Clust. Mean | Clust. Mean Clust. Mean Clust. Mean Clust. Mean
3 268% 3 3817 3 458? 3 3997 3 5072 3 559?

5 238%® 5 338 1 3957 5 337® 1 425° 4 517°

4 225%® 4 324 4 3942 1 324 2 425° 2 513°

1 213%® 1 313° 5 393? 2 316° 5 423° 1 503°

2 184 ° 2 281° 2 386° 4 304° 4 409° 5 496°
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Figure 1. The three lignin monomer precursors. These precursors are produced via

the shikimic and cinnamate metabolic pathways.
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Clone Mean Repeatability of NIR
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Figure 2. Clone mean repeatability (H*=broad sense heritability) for NIR spectra at
wavelengths between 1100 and 2498 nm. Repeatabilities tend to increase from left to

right, though there is a dip between 1900 and 2000 nm. This coincides with an increase
in the error variance component.
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Figure 3. Dendrogram illustrating the hierarchical structure of the clusters. The black
boxes indicate the clusters identified for use in this experiment.
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Figure 4. Predicted cellulose vs. predicted lignin with clusters indicated.
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A. Cellulose, predicted vs. measured.
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Figure 5. Predictions vs. measurements for cellulose and lignin for 17 loblolly pine
samples derived from chipped bolts.



A. Cellulose, predicted vs. measured.
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for 31 powdered loblolly pine samples.



CHAPTER 3
GENETIC VARIATION IN SUGAR YIELD FROM LOBLOLLY PINE (PINUS

TAEDA L.) WOOD: II: HIGH-THROUGHPUT DILUTE ACID ENZYMATIC
HYDROLYSIS OF POWDERED CORE SAMPLES.
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Abstract
Woody biomass may be a good alternative energy source in the Southeastern U.S. due to its
wide availability and its ability to grow on marginal sites. Loblolly pine (Pinus taeda L.), as
the most productive forest tree species in the Southeastern U.S., is a logical species of
interest for biofuel production in this region. However, loblolly pine biomass currently
presents a challenge for producing ethanol; enzymatic hydrolysis of polysaccharides from
softwood pulp typically produces lower yields of fermentable sugars than similar treatment
of hardwood pulp. Many chemical and physical wood properties in loblolly pine are subject
to genetic control, and variation in some of these properties will likely have an effect on the

efficiency of ethanol production.

In order to characterize genetic variation in sugar yield from loblolly pine wood, 300
powdered wood samples from a clonal test series were tested using a high-throughput
enzymatic hydrolysis process with a dilute acid pretreatment. The mean sugar yield was 0.21
mg sugar/mg wood, and ranged from 0.10 to 0.29 mg sugar/mg wood. Genetic values for the
clones indicate that yields can be improved ~4-5% over the mean through the use of the best
clones. Clone mean repeatability for sugar yields ranged from 0.29 to 0.44. For NIR-
predicted lignin and cellulose contents, clone mean repeatabilities were 0.81 and 0.78,
respectively. A calibration model was developed to predict sugar yields using NIR spectra.
The overall R? was relatively low (= 0.30), and the RPD, or the ratio of performance to
deviation, was 1.54 for the calibration model. This RPD is low, and indicates that the model

may at best be accurate enough for a rough initial screening of new families.
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Introduction
Biochemical techniques for the conversion of biomass to ethanol focus on hydrolytic
processes that retrieve the sugars from the cellulose and hemicellulose. These techniques can
use a variety of chemical and/or enzyme treatments to help loosen the grip of lignin on the
carbohydrates and to break down those carbohydrates. Biochemical conversion is typically
assisted by chemical and/or enzymatic agents, and fermentation of the sugars can be
improved through specially tailored microbes (Mousdale 2008). For cellulosic ethanol, the
main difficulty is extracting the valuable sugars from the biomass with as little input and as
little sugar loss as possible. The structural properties of these lignocellulosic feedstocks are
variable, which means that biochemical conversion techniques will need to be calibrated for
specific feedstocks. Loblolly pine as a feedstock may well be improved through genetic
screening and/or breeding, and would be a good choice as a feedstock given the sizable

supply of pine biomass that already exists in the Southeastern U.S.

Our work on sugar extraction in loblolly pine using enzymatic hydrolysis with dilute acid or
alkaline pretreatments identified variation of sugar yields that was related to NIR-based
groupings of genetic entries (Chapter 2). These groupings were based on a hierarchical
clustering of predicted NIR spectra for a set of clones. Additionally, linear modeling
indicated that NIR cluster and a number of wood properties were significant for predicting
sugar yields. The significance of cluster in most of the models, which also contain these
wood property measures, indicates that cluster represents some other trait or combination of

traits that are not already present in the models. Since these clusters were derived from NIR
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spectra, which are a representation of physical and chemical wood properties, there can be
some expectation that the trait or traits represented by cluster have a heritable component. In
addition, many of the wood properties that are significant predictors for sugar yield are

known to be heritable.

This study is an extension of the work in Chapter 2, which, in addition to the above-described
findings concerning cluster and wood property effects on sugar yield, found that there is
significant improvement to be made in extracting sugars for fermentation to ethanol
depending on pretreatment and enzyme level used. The identification of a cluster that has
higher sugar yields than others, along with the fact that wood properties (e.g. specific gravity,
cellulose content, lignin content) are generally heritable, suggests that sugar yield may be
under some degree of genetic control. However, given the logistics of processing and
applying treatments to the stemwood samples in the underlying experiment, multiple
measurements of clones were not possible. While a mixture of three ramets from each clone
was used in order to have an “average” clonal mixture, the lack of replication meant that no
conclusions were possible with regard to clonal effects on sugar yield. This study describes
the use of a high-throughput method for enzymatic hydrolysis. This method was used to
obtain multiple measurements of sugar yields for clones in order to characterize genetic

variation in that trait.
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Methods
Samples were collected in winter 2012 from a test in Oliver, GA that is part of a series of
clonal trials conducted by Plum Creek Timber Company and CellFor Inc. The trees for this
test were produced using somatic embryogenesis, a technique wherein plant embryos are
cultured and bulked up to produce clonal replicates. The test site was laid out in an alpha-
lattice, randomized incomplete-block design, with single-tree plots. Samples from five
ramets each of a group of 30 clones were collected, for a total of 150 trees. The clones
sampled were spread equally among six groups that were based on a previous hierarchical
cluster analysis of NIR spectra from clones in the same test series (see Chapter 2). An
additional 150 samples that were a part of that previous cluster analysis were also used for
the enzymatic hydrolysis step in this experiment (as will be described below). Details on the

harvesting and processing of those samples are available in Chapter 2.

Each wood sample consisted of a 12 mm wood core taken at approximately breast height.
Avoidance of compression wood and branch scars was prioritized over the taking of each
core at precisely breast height. Two cores were taken per ramet in order to get a better
pooled sample to represent the tree. The pooled sample was created by mixing equal
amounts of wood powder from the two cores samples from each tree. The cores were
sampled from five reps, out of eight total. The three other reps had been sampled for a
previous experiment, and so were excluded from this sample set. Entire cores were oven-

dried for a minimum of two days. The entire core (minus the bark and first year of juvenile
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wood) was ground in a Wiley Mini-Mill using a 20-mesh screen. Prior to being ground, the

cores were cut into small discs using hand clippers in order to facilitate grinding.

Sample Characterization

The powdered samples were subjected to near-infrared reflectance spectroscopy using a
FOSS NIRSystems model 6500. The primary purpose of this was to provide spectral data
that could be used to develop a predictive model for sugar yield. A secondary purpose was to
repeat the hierarchical cluster analysis from previous work on this clonal population, to see if

cluster membership is consistent.

A spinning sample cup for reduced sample sizes was used. Data were collected at two
nanometer intervals in the near-infrared range from 1100 to 2498 nm. The day before
scanning, the samples were placed into borosilicate glass test tubes and re-dried to ensure

consistent moisture content.

Best linear unbiased predictions (BLUPS) for each wavelength for each clone were compiled

to produce a predicted spectrum for each clone. This analysis was done using ASReml 3.0

(Gilmour et al. 2009) to fit the following mixed effects model for each wavelength:

Yij = u+ Ri+ Gj+ B1Pi1 + BaLi2 + Ci+ sijia, (1)

where;

105



Yi  is the Ith observation of the kth clone in the ith rep,
1) is the overall mean,

Ri is the ith fixed replication effect,

Gj is the jth fixed grind date effect,

P11 isthe pith offset covariate,

Li>  isthe core length covariate,

Cxk is the kth random clone effect ~NID (0, czg),

Eija s the random error term ~NID (0, c%).

“Grind date” is included to account for changes in the Wiley Mill (e.g., blade sharpness,
distension of the mesh screen over time) and “pith offset” (distance of the pith from the tree

center) is included as it may help to account for compression wood from less straight stems.

These predicted clonal spectra were then subjected to a hierarchical cluster analysis in order
to compare the consistency of cluster assignment with those from a previous cluster analysis
(Chapter 2). The software package R was used for this analysis (R Core Team 2012). First,
a matrix of Spearman correlations between predicted clonal spectra was created using the
cor() function. Then, using the dist() function, a distance matrix was created which centered
these correlations around zero. The dimensions of the correlation and distance matrices were
30 by 30, comparing every clone to all the other clones. The hierarchical clustering was done
using the distance matrix and the hclust() function. This agglomerative clustering process

starts with all the clones being in their own clusters. At each step of the clustering process,
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the two clusters with the smallest distance between them are merged. The complete linkage
method was used, meaning that when the distance matrix is recalculated after clusters are
merged, the distance between a new cluster and others is dependent on the maximum
difference between that cluster’s members and the other clusters (E1-Hamdouchi and Willett

1989).

Lignin and cellulose contents were determined using a previously derived calibration curve
based on a comparison of NIR spectra to the results of a wet chemistry analysis of lignin and
cellulose contents as described in Hodge et al. (2004). Hodge and Woodbridge (2010)

discuss the development of this model to predict wood properties across pine species.

Pyrolysis-molecular beam mass-spectrometry (py-MBMS) was carried out on the 150 ground
samples in order to get compositional data and to assess the variation within the sample set.
This spectroscopic technique for evaluation of biomass was developed by Evans and Milne
(1987) at the US Department of Energy’s National Renewable Energy Lab (then called the
Solar Energy Research Institute). Py-MBMS has been used for a number of applications,
such as characterizing soil organic matter (Magrini et al. 2002, Plante et al. 2009), exploring
lignin composition and structure in switchgrass (Mann et al. 2009, Hu et al. 2010),
characterizing chemical changes in spruce wood due to brown rot biodegradation (Kelley et
al. 2002), and exploring hydrocarbon formation during pyrolysis (Shin et al. 2001).
Prediction of cell wall composition in loblolly pine and hybrid poplar was demonstrated by

Davis et al. (1999). Kelley et al. (2004) compared PLS calibration predictions for lignin and
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sugar content derived from both NIR and py-MBMS spectra.

For this analytical technique, a small amount of powdered sample is pyrolyzed. The
pyrolyzed sample (now in a gaseous state) is carried through an ionizer and then the “beam”
of pyrolyzed sample is focused onto an ion detector. The data produced are values for a
range of mass-to-charge ratios (or atomic mass units). These values indicate the relative
proportion of the sample accounted for by a particular mass-to-charge ratio. Many of the
mass-to-charge ratios (or “peaks”) are associated with one or more particular molecules, so
py-MBMS can be used to directly assess biomass composition (Evans and Milne 1987;

Sykes et al. 2009).

The dried and powdered core samples were sent to the National Renewable Energy
Laboratory in Golden, CO for py-MBMS analysis. This analysis resulted in spectra
consisting of mean-normalized ion counts at mass/charge (m/z) ratios from 50 to 450.
Principle component analysis (PCA) was used to help identify peaks that were responsible
for variation within the MBMS spectra (i.e., those that with loadings). The PCA was
conducted on the mean of two replications of each of the 150 trees that were sampled. The R
function ‘prcomp’ was used to carry out the PCA (R Core Team 2012). ASReml 3.0
(Gilmour et al. 2009) was used to estimate variance components for the outlier peaks using

the following linear model:

Yik=pu+Ci +Rj+ Eij, (2)
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where:

Yiik is the kth observation of the ith clone in the jth rep,

1) is the overall mean,
Ci is the ith random clone effect ~NID (0, czg),
R is the jth fixed rep effect,

Eix is the random error term ~NID (0, c%).

The model used the pedigree structure to construct a genetic relationship matrix to adjust
clonal predictions based on the performance of relatives. Clone mean repeatabilities were

calculated as:

H? = 64%/(c4” + o¢2/n) (3)

Where H’ is the clone mean repeatability, o,” is the genetic variance, o’ is the error variance,

and n is the mean number of ramets per clone.

Extractive and lignin content predictions were calculated from the MBMS spectra by
colleagues at NREL. The predictions are based on the summation of peaks known to be
associated with those components and a correction factor determined from wet-lab analysis
(Sykes et al. 2009). These predictions, as well as the NIR-based lignin and cellulose content

predictions, were also analyzed using the above model. Each model was fit with and without
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the clone effect. A likelihood ratio test (LRT) was used to compare the full and reduced
model in order to test the significance of the genetic variance component. LRT is computed
as 2*(log-likelihoodsyjimodel - 10g-likelihoodegucedmoder) (Gilmour et al. 2009). This statistic
has a 4 distribution, with one degree of freedom since the models differ by only one
parameter. At a confidence level = 0.05, the critical value for the statistic is 3.481. LRTs
above this value indicate that the full model (i.e., with the genetic variance component) is
significantly better than the reduced model. The CORR procedure in SAS (SAS 9.2, SAS
Institute, Cary, NC) was used to produce a simple correlation between the MBMS- and NIR-

predicted lignin contents.

Sugar yield assessment and prediction

In order to characterize the variation in sugar yield among the clones, 300 samples were
subjected to enzymatic hydrolysis with a dilute acid pretreatment. These 300 samples are
composed of the 150 samples collected in winter 2012 (representing 30 clones), as well as
150 additional samples from the work described in Chapter 2 that were collected in fall 2008
(both sample sets are summarized in Appendix A). The additional 150 samples represent 24
additional clones, with an average of 6.25 ramets sampled per clone (# ramets/clone ranged
from three to seven). NIR spectra were also available for these additional samples. Three
clones were present in both the newer and older sets of samples. Between the two sets of

samples, a total of 51 clones were evaluated for sugar yield.
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The high-throughput system used to obtain sugar yield data was developed at NREL in
Golden, CO. This system can handle multiple 96-well plates and utilizes auto-sampling
technology which reduces the time-intensive labor usually associated with getting wet-
chemistry data (Decker et al. 2009, Selig et al. 2010). A significant time savings is also seen
due to the use of enzyme-based assays to measure sugar release, instead of traditional high-
pressure liquid chromatograph (HPLC) methods (Selig et al. 2011). Using these enzyme
assays, a single 96-well plate can be processed in 5-6 hours; in comparison, 48 hours would

be necessary to do an equal number of assays with an HPLC.

Prior to sending the samples to NREL for enzymatic hydrolysis, the samples were subjected
to a 24-hour ethanol extraction using a Soxhlet extractor. 200 to 250 mg per sample were
loaded into teabags, labeled in pencil, and rolled up (see Decker et al. 2012). Only a small
fraction of the total extracted portion (~20 mg) was used for the enzymatic hydrolysis sugar
extraction step, but a larger quantity was needed in order for the automated sampling system
to function properly. Once removed from the extractor, the samples were placed under a
fume hood to dry overnight. After this, the samples were sent to NREL, where they
underwent a dilute sulfuric acid pretreatment and enzyme hydrolysis using the high
throughput system discussed above. The pretreatment and hydrolysis steps were done
sequentially, without washing or separation of sugars in between steps, so the sugar released

from both steps was assessed collectively with one measurement at the end of the process.

111



Partial least squares (PLS; also referred to as projection to latent structures) was used to
investigate the prediction of sugar yield using both the NIR and the py-MBMS spectra that
are available for the samples. PLS is a statistical method for correlating laboratory
measurements with spectral data (Martens and Jensen 1982). This technique can be better
than stepwise multiple regression, providing predictions with lower standard errors (Shenk
and Westerhaus 1991). PLS models, by identifying latent structures in the predictors to
explain variation in the response variable, can take more wavelengths into account than can
linear regression models and are better able to deal with correlations between neighboring

wavelengths (i.e., it handles collinearity better).

Prior to the PLS analysis, the NIR data were smoothed using multiplicative scatter correction
and a Savitzky-Golay second-derivative transformation, using 7 data points (Hodge and
Woodbridge 2010). This smoothing serves to reduce the noise in the dataset. A 20%
sample of the data (N= 60) was selected at random to serve as a test data set, and the
remaining observations (N=239) were used as a training/calibration data set. Leave-one-out
cross-validation was used on the training data set to develop the calibration model. With this
method of cross-validation, a separate PLS model is calculated for each observation (which
act as one-member test sets), so each observation in the training set is used for training and
validation. The remaining 20% of the data is not used to develop the model, but is held in
reserve to test the calibration model. The PLS procedure in SAS (SAS 9.2, SAS Institute,

Cary, NC) was used to conduct the analysis.
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The optimum number of factors to use in the PLS analysis is driven by minimizing the
predicted residual sum of squares (PRESS). However, models that use fewer factors and
have similar but slightly higher PRESS scores may be preferable, as this can reduce the
chances of over-fitting the model. SAS provides a significance test of the differences
between residuals of the different models. Using this statistic, the model chosen is the one
with the fewest factors that also has residuals that are not significantly larger than the model

with the lowest PRESS (SAS Institute Inc. 2008, van der Voet 1994).

Coefficients of determination (R?) for the training and test sets as well as standard errors of
calibration and prediction (SEC and SEP, respectively) are common ways to measure and
compare prediction models (Kelley et al. 2002, Schimleck et al. 2003a, Hodge and
Woodbridge 2010). SEC and SEP are calculated from the residuals of the training and test
data sets, respectively. RPD (ratio of performance to deviation) is another statistic useful for
evaluating prediction models, and is calculated as the ratio of the standard deviation of the
measurements to the standard error of the model predictions (i.e., the SEC or SEP). An RPD
= 2.5 is considered to be the threshold for a good calibration model; below this, the
performance of the prediction model for a breeding program is questionable (Williams and
Sobering 1993). If RPD =1, the standard deviation of the measurement data is equal to the
standard error of the predictions and the predictions will be unreliable. An additional 1107
NIR spectra were available from the same previous experiment that supplied the 150

additional samples for the sugar analysis. These spectral data were used to generate
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additional predicted sugar values for testing genetic effects on sugar yields. These additional

spectra provide information on 136 additional clones.

Clone and cluster effects on sugar yields (both measured as well as predicted) were analyzed.

The following linear model was used:

Yijim = ¢+ Ci + Lj + S¢ + Rigy + Eijiam, 4)

where:

Yijm 1S the mth observation of the ith clone in the jth cluster in the kith rep at the kth site,
u is the overall mean,

Ci is the ith random clone effect ~NID (0, czg),

L is the jth fixed cluster effect,

Sk is the kth fixed site effect,

Riw is the Ith fixed rep effect within the kth site,

Eijam is the random error term ~NID (0, 6%).
The model used the pedigree structure to construct a genetic relationship matrix to adjust

clonal BLUPs based on the performance of relatives. Clone mean repeatabilities were

calculated as described in equation three.
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For each of the response variables, predicted and measured sugar yield, three models were
fit; one using old cluster groupings, one using the new cluster groupings, and one that
omitted the cluster effect. These models were also re-fit without the clonal effect in order to
test the significance of the genetic variance component. LRTs were used to compare the
models with and without clonal effect. The models that differ in terms of their fixed effects
(i.e., by the cluster term) cannot properly be compared by the LRT (Gilmour et al. 2009).
However, comparison of the clone mean repeatabilities and their standard errors produced by
these models may be informative about the models’ usefulness at partitioning genetic and
environmental variation. Genetic values (GVs) for each clone were produced by these
models. GVs were used to examine how much clonal performance varies relative to mean
sugar yields. Additionally, sugar yield GVs were compared to GVs for growth traits (height
and volume). These growth trait GVs are from a genetic analysis of this clonal series done
by Zapata-Valenzuela et al. (2013). The CORR procedure in SAS (SAS 9.2, SAS Institute,
Cary, NC) was used to produce Pearson correlations between sugar yield and growth trait

GVs.

Sugar yields for the three clones that were present in both the younger and older sets of wood
samples were compared in order to see if sugar yield was affected by time between collection
and hydrolysis. The samples from the previous experiment were collected about three years

before those for this experiment. The GLM procedure in SAS (SAS 9.2, SAS Institute, Cary,

NC) was used to test the effect of sample age. The following linear model was used:
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Yij = p+ Ci +Sj+ T + Eiju, (%)

where:

Yiw  is the Ith observation of the ith clone at the jth site at the kth time of sampling,
u is the overall mean,

Ci is the ith fixed clone effect,

S is the jth fixed site effect,

T is the kth fixed sample age effect,

Eijx is the random error term ~NID (0, c%).

For the set of clones sampled for this experiment, two cores were taken per ramet to provide
a ‘pooled’ sample that would be better representative of that particular tree. These 150
pooled samples were the basis for the spectral and laboratory analyses. However, NIR
spectra also were obtained for each of the cores separately, meaning that there are spectral
data for two different samples from each tree. The calibration model was used to predict
sugar content using these spectra. Evaluating the correlation between predictions for the two
core samples taken from each tree may help indicate if going to the extra effort of taking two
samples is worthwhile. The CORR procedure in SAS (SAS 9.2, SAS Institute, Cary, NC)
was used to evaluate the correlation between sugar yield predictions of cores taken from the

same tree.
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Results
Analysis of spectral data
Based on a hierarchical cluster analysis, 30 clones were assigned to six groups (Figure 1).
Six groups were used as it corresponds to the number of groups utilized in the previous
cluster analysis of this clonal test series (Chapter 2). There is very little consistency apparent
between the “old” and “new” cluster memberships. The two large clusters in the new
grouping structure both have some commonality of membership with clusters in the older

analysis, but generally cluster assignment was different.

PCA was conducted on the py-MBMS spectra for the 150 trees that were sampled. Principal
components 1 (x-axis) and 2 (y-axis) account for 41% and 12% of the variation in the
population, respectively (Figure 2). The loadings plot shows outliers in three regions of the
plot. The higher loadings of these outliers indicate that they are responsible for a relatively
higher proportion of sample variation than those m/z peaks clustered near the middle of the
plot. These outliers fall into three general groupings: Most of the peaks in the top left
direction of the chart are associated with carbohydrates, most of those to the right with
extractives, and those at the bottom with lignins (Evans and Milne 1987, Schulten 1996,

Sykes et al. 2009).

The py-MBMS ion counts for these influential peaks were subjected to a genetic analysis to
determine whether these peaks are heritable (Table 1). Clone mean repeatabilities for peaks

associated with carbohydrates/hemicellulose wood components were low-to-moderate (H?
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ranged from 0.13 to 0.62), with relatively large standard errors. Peaks related to extractive
components also had low-to-moderate (0.24 to 0.44) clone mean repeatabilities with higher
standard errors. For peaks associated with lignin content, clone mean repeatabilities were
higher (0.51 to 0.81), with somewhat lower standard errors. LRTs indicate that models for
some of the peaks were not significantly different from the reduced form of the model (i.e.,
without a genetic variance component). Those models that are not significantly different
from the reduced model also tend to be those with a higher standard error for the estimate of

clone mean repeatability.

PLS modeling of the sugar yield data with the MBMS spectra failed to produce a calibration
model for predicting sugar yields. PRESS was minimized in the model fitting zero factors,
indicating that no latent factor was found that produces a better model than the intercept-only
model. However, using the NIR data to create a calibration equation was successful (Figure
3). Using the NIR data, PRESS was maximized with four latent factors in the model, but the
final model ended up using two factors, as the PRESS for that model was insignificantly

different from that for the four-factor model.

The coefficient of determination for the training set was low (R? = 0.30), indicating that a
good amount of variation in the response variable is not explained (Table 2). The SEP
(0.019) is slightly higher than the SEC (0.016), and likewise the test set R? is somewhat
lower than for the training set. This is normal since the calibration model would not be

expected to perform as well on a test data set compared to the data set it was trained on. The
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RPD were low (1.54 and 1.37 for the calibration and prediction models, respectively). This
is below the RPD threshold of 2.5 that indicates whether a model is reliable for breeding

purposes.

Genetic analysis of wood content predictions and sugar yields

Wood component content predictions derived from py-MBMS and NIR spectra were
analyzed to investigate genetic variation. Models for the wood components predicted using
MBMS were not significantly different from reduced models which did not include a genetic
parameter (Table 3). This was not the case for the components predicted with NIR spectra.
For those, the model with the clonal effect was significantly better than the one without.
Lignin content was predicted using both NIR and MBMS spectra. The clone mean
repeatabilities produced from these predictions are fairly different, (0.53 for the MBMS-
based predictions vs. 0.81 for the NIR-based predictions), though the means and ranges of
those predictions are similar. However, the Pearson correlation between NIR and MBMS

lignin predictions is low (r = 0.14, p = 0.08).

Mean sugar yield from the high-throughput screening was 0.207 mg sugar/mg wood (Table
4). This is comparable to the mean sugar yield from a larger-scale bench top analysis (0.210
mg sugar/mg wood) that used a dilute acid pretreatment (Chapter 2). Mean predicted sugar
content across all available spectra (0.209 mg sugar/mg wood) was comparable to the
laboratory data. Clone mean repeatabilities for sugar yield were moderate to high depending

on the model used and the response variable (Table 5). Only one of the models was not
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significantly different than the reduced model that omitted the genetic variance component.
Predicted sugar yields had much higher clone mean repeatabilities than the laboratory-based
sugar yields. Additionally, using the old cluster analysis groupings produced models with
higher clone mean repeatabilities than those that used the new cluster groupings. However,
the highest clone mean repeatability (H? = 0.82) was estimated using the predicted sugar data

as a response variable and a model with no cluster effect fit.

Genetic values (GVs) from the analysis of measured sugar yields showed that, depending on
the model used, the best clone is predicted to produce 3.7 to 4.7% more sugar relative to the
mean (Table 6). The worst clone is predicted to produce 2.9 to 4.9% less sugar than the
mean. The means of the top five clones from each analysis range from 2.7 to 3.5% more
sugar produced. The Pearson correlations between the sugar yield GVs and growth trait GVs
range from 0.11 to 0.26 and -0.02 to 0.18 for height and volume, respectively (Table 7).

Only one correlation approached significance: the Pearson correlation between height GVs
and sugar yield GVs that were predicted using the model that used the “new” cluster variable

had a p-value = 0.097. All other correlations were highly non-significant.

Three clones for which sugar yield data was obtained also had samples that were collected
both during the course of this experiment and during a previous experiment. The analysis of
sugar yields for these clones indicated that the age of the core sample (i.e., the length of time

between collection and enzymatic hydrolysis) did not affect measured sugar yield. Both sets
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of samples were dried and ground after harvesting, so changes to the structure of the wood

while in storage would not be expected to be extreme.

The comparison of predicted sugar values for the two cores taken from each tree found that
the average difference between these predictions was 0.006 mg sugar/mg of wood. Given the
overall mean yield of 0.21 mg sugar/mg wood (Table 4), the average difference on a
percentage basis was 3%. The Pearson correlation coefficient for the two different

predictions from each tree was 0.74 (p < 0.0001).

Discussion
The genetic analysis of the outlier peaks from the MBMS data indicated the presence of
clonal variation for some peaks, including some of those associated with carbohydrates.
However, py-MBMS spectra were not used for prediction of sugar yields since the PLS
analysis did not find any model with a lower PRESS than the model with just an intercept.
This may be related to the depression in levoglucosan yields in biomass pyrolysis (Evans and
Milne 1987, Sykes et al. 2009). The formation of levoglucosan, which is a primary product
of cellulose pyrolysis, is typically decreased by trace amounts of alkali metals in the biomass.
The diversion of the pyrolyzed cellulose into other compounds will have an effect on the
spectral data, possible obscuring information that could well be relevant to the prediction of

sugar yield.

For the NIR-based calibration model, the coefficient of determination (R? = 0.30) was
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relatively low. In comparison, one study that incorporated data from a number of different
pine species found NIR calibration models with R? = 0.97 and 0.84 for lignin and cellulose
content, respectively (Hodge and Woodbridge 2010). In green wood samples of loblolly
pine, NIR calibrations with high R? (ranging from of 0.79 to 0.88) have been reported for
density, microfibril angle and stiffness samples (Shimleck 2003a). R? for dry wood samples
were slightly higher (0.87 to 0.95). However, high R? does not guarantee a high RPD: For
the lignin model above, RPD was good (5.91), whereas the RPD for cellulose (2.53) was just
above the level for what is considered a good calibration model. The study on mechanical
properties (Schimleck 2003a) found RPD below 2.5 for green wood samples and RPD
ranging from 1.9 to 3.2 for dry wood samples. A study on predicting a number of traits in
agricultural grain and seed crops found R? ranging from 0.65 to 0.99 and RPD ranging from
1.02 to 9.08 (Williams and Sobering 1993). The RPD for sugar yield in this study (1.54 and
1.37), while low, are not unusually so, and models with RPD around 1.5 may be useful for a
rough initial screening (Schimleck et al. 2003b). In addition, R? may be somewhat low given
the nature of the trait: sugar yield is affected by a number of other wood properties. Lignin,
cellulose, total sugar, and extractive contents as well as coarseness and fiber length can
influence sugar yield (Chapter 2). However, for the dilute acid treatment in Chapter 2, no
significant model could be fit. It was observed, however, that as sugar yields increased,

detection of significant models and model parameters increased.

The genetic analysis of the measured and predicted sugar yields indicates that there is a

genetic component to variation in sugar yield. Clone mean repeatability for the best model

122



for the measured sugar yields was 0.44. For the modeling of the predicted sugar yields, the
best clone mean repeatability was 0.82. Part of the higher heritability for the predicted sugar
yields may be due to the much larger data set: predictions for 1,109 additional spectra were
included in that analysis, in addition to the 299 spectra for which there are measured sugar
yields. It is encouraging that the analysis of the predicted data was able to identify a
significant genetic component in the variation, given that the low RPD for the model

indicates that the predictions may not be reliable.

The model that had the highest clone mean repeatability used predicted sugar yield as the
response variable and did not include either cluster grouping as an effect. For the models
using measured sugar yield as the response, the one with the highest clone mean repeatability
used the old cluster grouping as an effect. However, the p-value was non-significant, so
fitting the model without any cluster effect would be preferable. Interestingly, the cluster
effect for both the new and old groupings was significant in the models with predicted sugar
yield as a response variable. Using the old cluster groupings produced higher clone mean
repeatabilities than using the new cluster groupings with either the measured or predicted
sugar yield as the response variable. Cluster membership was inconsistent between the new
and old groupings (Figure 1), which may be related to the fact that the old groupings were
based on a cluster analysis of a much larger set of clones (178) than were the groupings for
the new set of trees sampled for this experiment (representing 30 clones). This may also
help explain why the old cluster groups were more useful in the genetic analysis than the new

cluster groups; given the larger data set behind it, the old cluster analysis may better
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represent real differences in chemical/physical wood properties.

Variation in sugar yield from enzymatic hydrolysis is present in this clonal population of
loblolly pine, and genetic values for top clones were ~4-5% higher than the mean.. In
comparison, the best clone from the dilute acid treatment from the bench-top experiment
(Chapter 2) had a sugar yield that was 18% higher than the mean. This increase in sugar
yield resulted in an improvement of $0.42/liter in the cost of ethanol compared to the mean
(Chapter 4). Since the yield from this phenotype was approximately four times greater than
that for the top GV predicted in this study, we may plausibly expect to capture up to one
quarter of that improvement in ethanol price (i.e., $0.10/liter). Successive generations of
breeding would likely be able to increase gains even more, given the heritability of sugar
yields and other wood properties. In general, the correlations between sugar yield and
growth traits were highly non-significant. The only correlation that was close to significance
(p = 0.097) involved sugar yields that were predicted using the model that used the “new”
cluster variable. However, the model that predicted those sugar yields was not significantly
different from a model excluding the genetic variance component altogether. For those
models with more reliable predictions of sugar yield, there seems to be no correlation with

growth traits.

Conclusion
Testing and selection in a larger population should lead to greater improvements in yield,

given the heritable nature of most wood properties. Sugar yields were not high, but different

124



conversion techniques are already available that will increase the proportion of carbohydrates
in the xylem that can be made available for fermentation to ethanol. It is encouraging that
genetic differences were detectable even with relatively low sugar yields; higher sugar yields

may well lead to even bigger differences between genetic groups.
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Tables and Figures

Table 1. Clone mean repeatabilities (H?) for MBMS peaks with high loadings. Bolded
LRT (those < 3.841) indicates models that are not significantly better than a reduced
model fit without a genetic variance component. The peaks in A. (group 1) are
predominantly associated with carbohydrates, those in B. (group 2) are predominantly
associated with extractives, and those in C. (group 3) are predominantly associated with
lignins.

A.Group 1
Mass Peak (m/z) H? Std. Err. (H?) LRT (vs. reduced)
56 0.13 0.30 0.06
57 0.47 0.18 5.34
60 0.41 0.19 3.92
69 0.42 0.18 5.21
70 0.57 0.15 7.80
71 0.35 0.21 1.80
73 0.35 0.19 3.49
97 0.47 0.17 4.56
114 0.62 0.12 12.81
B. Group 2
Mass Peak (m/z) H? Std. Err. (H?) LRT (vs. reduced)
197 0.32 0.21 2.12
237 0.29 0.21 2.09
239 0.43 0.19 4.19
240 0.41 0.20 3.14
285 0.44 0.18 4.56
300 0.24 0.22 1.37
C. Group 3
Mass Peak (m/z) H* Std. Err. (HY) LRT (vs. reduced)
110 . . 0
124 0.74 0.09 10.85
137 0.59 0.14 5.57
164 0.54 0.16 573
180 0.81 0.06 21.05
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Table 2. Results of PLS calibration on sugar yields using NIR spectra.

Data R? SEC/SEP RPD
Training Set .30 016 1.54
Test Set 24 .019 1.37
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Table 3. Clone mean repeatabilities and summary statistics for wood components
derived from MBMS and NIR spectral data. Bolded LRT (those < 3.841) indicates
models that are not significantly better than a reduced model fit without a genetic

variance component.

Component Mean St. Min Max H? Std. LRT (vs.
Content Dev. Content Content Err.  reduced)
(%) (%) (%) (H?)
MBMS_Lignin % 29.5 0.49 28.0 30.8 0.53 0.18 2.09
MBMS_Extractive % 49 0.86 3.5 8.9 0.37 0.20 3.06
NIR_Lignin % 28.7 0.66 27.2 30.5 0.81 0.06 31.66
NIR_Cellulose % 42.3 0.79 40.3 447 0.78 0.07 21.91
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Table 4. Summary statistics for measured and predicted sugar yields.

Estimation Mean Yield (mg StDev. Min Yield (mg Max Yield (mg

Method sugar/mg wood) sugar/mg wood)  sugar/mg wood)
Lab 0.207 0.025 0.103 0.288
Prediction (all) 0.209 0.015 0.154 0.328
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Table 5. Genetic parameters for sugar yield and NIR-predicted lignin and cellulose
contents. Bolded LRT (those < 3.841) indicates models that are not significantly better
than a reduced model fit without a genetic variance component.

Response H? Std. Err. Cluster grouping  Significance LRT (vs.
Variable (H?)  (“New” or “Old”) level of cluster  reduced)
effect
Sugar yield 0.27 0.25 New 0.29 1.25
(lab determined) | 0.44 0.16 Old 0.58 5.52
0.39 0.17 : : 4.90
Sugar yield 0.73 0.08 New 0.02 57.48
(predicted) 0.81  0.03 Old 0.03 202.28
0.82 0.03 : : 262.26
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Table 6. Percent differences of clonal BLUPs relative to mean sugar yield.

Response Cluster grouping % difference compared to mean

Variable (“New” or “0Old”) Min Max Avg. of Top 5
Sugar yield (Iab New -2.9 3.7 2.7
determined) Old -4.9 4.7 3.5
-4.0 4.3 3.5
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Table 7. Pearson correlations between sugar yield and growth trait GVs. P-values
indicated in parentheses.

Response Cluster grouping Pearson correlation vs. growth GVs
Variable (“New” or “0ld”) Height \Volume
New 0.26 (0.097) 0.18 (0.246)

Sugar yield (lab

determined) Old 0.11 (0.496) -0.02 (0.903)

0.18 (0.258) 0.04 (0.777)
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New

Oold

Figure 1. Graphical representation of cluster membership for clones. The cluster
memberships were based on separate NIR spectra from different sets of wood cores.
The thirty boxes in each row represent the 30 clones analyzed in the new cluster
analysis. The top row (New), represents the cluster analysis performed in this
experiment, and the bottom row (Old), represents the cluster analysis from a previous
experiment. Colors indicate different cluster groupings. Little consistency is seen
between the groupings produced by the cluster analyses.
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PC1 vs PC2, averaged pine data
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Figure 2. Principle component analysis loadings plot of MBMS data. The outliers,
which are the peaks with higher loadings, can be seen in three different regions that are
separate from the central cluster of peaks: Group 1 - Peaks in the top left direction of
the chart, most are associated with carbohydrates/hemicelluloses; Group 2 - those to the
right, most are associated with extractives; and Group 3 - at bottom, most are
associated with lignin precursors.
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A. Training data set
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Figure 3. Measured (x-axis) vs. predicted (y-axis) sugar yields. Predictions are from
PLS modeling of NIR spectra. R? describe the proportion of variation in the laboratory
predictions that the PLS model was able to account for using two latent factors.

138



APPENDIX

139



Appendix A. Summary of 300 samples used for sugar yield characterization with
enzymatic hydrolysis. Both sample sets were harvested from the same Plum Creek
Timber Company/CellFor Inc. clonal test series.
Harvested Harvest Location # samples # Clones
Winter 2012 Oliver, GA (1 test) 150 30

Oliver, GA (2 tests);
Fall 2008 Holly Hill, SC (1 test) 150 24
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CHAPTER 4

MODELING LOBLOLLY PINE IN A BIOREFINERY PROCESS MODEL
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Abstract
Cellulosic ethanol as an alternative fuel has been garnering interest in recent years. The use
of lignocellulosic biomass for energy has been an area of research interest in the U.S. since
the 1970’s oil crisis, and recent increases in fuel prices and uncertainty about future supply
have renewed these concerns. Many potential sources for this biomass are being considered,
from food crop residues (e.g., corn stover, which is not eaten by humans) to grasses and
trees. Two of the primary advantages in using lignocellulosic biomass are that there are large
amounts available, and the use of this biomass for fuel does not compete with food markets.
However, the biotechnology of biomass conversion to fuel is still developing. To encourage
investment in this area, it is important to understand the impact of feedstock characteristics
on the biorefining process. Economic analysis of sugar yields from loblolly pine (Pinus
taeda L.) using a biorefinery process model indicates that ethanol biomass is not cost-
competitive with gasoline. However, if oil prices go up or bioconversion technology

improves, making ethanol from biomass may well become a profitable venture.

Introduction
Investment in bioenergy facilities will be hampered by uncertainty about feedstock
availability. For a species to be used as a biofuel feedstock, plantations must be able to
produce sufficient quantities of biomass to supply a biorefinery. The landowner/grower
needs to make a profit, and the delivered cost to the biorefinery must not be so high that the

price of the end product (biofuel) is priced out of the market. Discounted cash flow analysis
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using net present value (NPV) and/or soil expectation value (SEV) can be used to evaluate

the profitability of a forest plantation (Clutter et al. 1983, Gregory 1987).

For evaluating the profitability of investment in biorefineries, process models can be
developed (Gonzalez 2011a). These models account for the various inputs and outputs of
energy and materials for a particular biorefinery and can produce an internal rate of return
(IRR) that indicates the profitability of the biorefinery. It is expensive to develop pilot
plants, so using models of the biorefining processes to test various assumptions is essential.
While computer models and spreadsheets cannot be a perfect simulacrum of a real

biorefinery, it can be a useful starting off point for investigators and investors in bioenergy.

Another obstacle to the development of a biofuels industry is that bioconversion techniques
are still developing, and, at the same time, the type and quantity of locally produced
feedstock available will guide the selection of conversion technology. This seems to be
especially true for biochemical conversion technologies. Biochemical techniques focus on
hydrolytic processes that retrieve the sugars from the cellulose and hemicellulose. These
techniques can use a variety of chemical and/or enzyme treatments to help loosen the grip of
lignin on the carbohydrates and to break down those carbohydrates. Biochemical conversion
is typically assisted by chemical and/or enzymatic agents, and fermentation of the sugars can
be improved through specially tailored microbes (Mousdale 2008). For cellulosic ethanol,
(which can be made from woody biomass and energy grasses — the most likely sources of

significant production of biomass in the next few years), the main difficulty is extracting the
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valuable sugars from biomass with as little input and as little sugar loss as possible. The
structural properties of these lignocellulosic feedstocks are variable, which means that
biochemical conversion techniques will need to be calibrated for specific feedstocks. This
study does not go into the details of feedstocks other than loblolly pine, but the work of
Gonzalez et al. (2011b) established that loblolly pine is competitive with other feedstocks
(including Eucalyptus, grasses, and agricultural biomass) on a delivered cost basis for
carbohydrate and BTUs. The challenge, then, is to improve conversion of normally-

recalcitrant softwood biomass.

The difficulty of successful commercial biorefinery development is highlighted by recent
failures. In 2011, North Carolina’s first ethanol plant, run by Clean Burn Fuels LLC, entered
Chapter 11 bankruptcy, citing an increase in corn prices that made the biorefinery
unprofitable (Calhoun 2011). Another high profile-example failure in the southeast is Range
Fuels LLC, whose thermochemical-based bioenergy plant in Soperton, Georgia closed in
2011. The site was auctioned off in 2012 and is being developed by LanzaTech, which is

intending to move the project toward commercial-scale production of ethanol (Lane 2013).

There are scientific issues to be addressed both in the areas of biomass supply and biofuel
production in terms of increasing the types and yields of available feedstocks and improving
efficiency in fuel production. Information on biomass yields and conversion efficiency is
essential to fostering industrial-scale biomass development. This study uses sugar yield data

from a loblolly pine conversion experiment as input into a developed biorefinery process
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model to test the effects of variation in several factors (including sugar yield and biomass

pricing) on ethanol price.

Methods
Data
17 clonal varieties of loblolly pine, chosen for a diverse range of chemical and physical
wood properties, were tested to characterize variation in yield of fermentable sugars from
enzymatic hydrolysis (Chapter 2). A cluster analysis based on near-infrared (NIR)
spectra of ground wood samples from multiple individual trees, or ramets, of each of the
clonal genotypes was used to divide the clones into groups. NIR spectra reflect chemical
and physical wood properties, so the clustering should have produced groups of clones
that are similar for some combination of these traits. One cluster was identified that is
superior for sugar yield, and this could provide a quick way of identifying additional

superior genotypes for sugar production.

In this experiment, three different pretreatments were tested: dilute acid, alkaline, and
alkaline with mechanical beating (10,000 rotations in a PFI-type beater). The purpose of
pretreatment is to release the cellulose from the lignin, thereby making the cellulose available
for enzymatic hydrolysis. One level of enzyme (20 FPU, or filter paper units) was used for
the dilute acid pretreatment, and three levels of enzyme (10, 20, and 40 FPU) were used for
the alkaline and alkaline with mechanical beating pretreatments, for a total of seven

treatments. Each treatment was applied to a mixture of wood chips representing each clone.
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This mixture was composed of three ramets of a given clone. Mean sugar yields were
calculated for each treatment (Table 1). The alkaline pretreatments with mechanical beating
produced more sugars than the dilute acid or alkaline pretreatments. Additionally, increasing

enzyme levels also produced greater yields of sugars.

The Process Model

The sugar data from the experiment was analyzed using Greenfield Mill Dilute Acid and
Greenfield Mill Green Liquor process models for a loblolly biorefinery processing 500,000
bone dry tons of biomass per year. The financial analysis is based on biorefinery process
models developed by colleagues in the Department of Forest Biomaterials at NCSU under a
grant from the Biofuels Center of NC. The models take into account the various inputs and
outputs of capital, expenses, energy, materials, labor, and products that would be found in an
operational plant (Gonzalez et al. 2011). The variables that this analysis tested are described

below.

The goal of the analysis is to estimate the effect of conversion methods, cluster membership,
clone, enzyme costs, and biomass costs on the economic feasibility of an industrial-scale
biorefinery using loblolly pine as a feedstock. All scenarios modeled use a 12% internal rate
of return (IRR), and the output is the selling point ethanol that is required to break even with
a 12% IRR. The bulk sugar yields (Table 1.), are simple tabulations of sugar data provided
by high pressure liquid chromatography (HPLC) analysis of the samples after pretreatment

(for dilute acid) and enzymatic hydrolysis (dilute acid and green liquor pretreatments). These
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sugar data are broken down into glucan (cellulose fraction) and as well as xylan and mannan
(5- and 6-carbon hemicelluloses, respectively). These different sugars were input separately

into the biorefinery simulator, as they respond differently during bioconversion.

Mean sugar yields for each treatment method were modeled. Four different delivered
biomass prices were modeled using these mean sugar yields: $27.5, $33, $38.5, and $44 per
green Mg (this corresponds to $25, $30, $35, and $40 on a green ton basis). $27.5/Mg is
close to delivered pine biomass prices in North Carolina from 2006 to 2010 (Timber Mart-
South 2010) and was used as the biomass price for the sensitivity analyses of other factors
(described below). Higher prices were modeled because 1) $33-$38.5/Mg delivered biomass
prices are not atypical in other parts of the Southeast, and 2) if biorefineries become a reality,

demand for softwood biomass could potentially increase local delivered biomass prices.

Enzyme costs were also subjected to a sensitivity analysis using mean sugar yields for each
treatment. Mean sugar yields were analyzed using enzyme costs of $0.026, $0.013, and
$0.003/FPUl/liter (corresponds to $0.10, $0.05, and $0.01/FPU/gallon) in order to test the
effect of enzyme cost on ethanol price. For the other sensitivity analyses, enzyme cost was
kept at $0.026/FPU/liter. The base cost of $0.026/FPU/liter was used as the baseline for
other sensitivity analyses. With the enzyme concentrations that were used to get sugar yields
for this experiment, this would indicate enzyme costs ranging from approximately $0.25 to
$1.00 per liter using the base enzyme cost. In comparison, Klein-Marcuschamer et al. (2012)

found that enzyme costs were $0.39 per liter under normal sugar yields from corn stover.
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The PFI mechanical beating method utilized for three of the treatments was accounted for in
the modeling. Based on the energy usage of a PFI beater (Kerekes 2005), the amount of
energy required for 10,000 revolutions was estimated at 517 kilowatt hours per Mg of
biomass. However, when using a mechanical beating technology at an industrial scale to
produce an equivalent product, there may well be an order-of-magnitude reduction in energy
cost (Koo et al. 2011). Accordingly, a second analysis of these treatments was done using 52

kilowatt hours per Mg as the energy cost.

To account for potential genetic impacts on conversion efficiency and thus on ethanol price,
the sugar yields of the best and worst clone for each treatment were analyzed. Additionally,
membership in NIR cluster three was contrasted with the average sugar yields of all other
clusters for each treatment, given that previous analysis had shown that cluster three was

significantly higher-yielding than other clusters for some treatments.

Results and Discussion
There is considerable variation between treatments in the cost/liter of ethanol required to
achieve a 12% IRR (Table 2). The dilute acid treatment was clearly the worst, and this was
due to lower sugar yields and higher chemical costs than the alkaline treatments. The
alkaline treatments have a lower ethanol cost/liter, but there is not a clear positive
relationship between ethanol price and mean sugar yields (Table 1), indicating the presence
of other important factors that affect ethanol cost. The two best prices have low to moderate

enzyme doses and use mechanical beating.
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Reduction of enzyme costs (Figure 1) produces a dramatic reduction in ethanol cost. The
relative steepness of the decline is indicative of the amount of enzyme used for a given
treatment. It is clear that enzyme costs of $0.026/FPU/liter make the ethanol price too high
for the most intensive enzymes doses to be economically feasible. However, when enzyme
costs are reduced by 50% or 90%, it becomes affordable to use more. If enzyme prices were
to decrease to $0.003/FPU/liter, several of the treatments could produce ethanol at a cost less
than $1.00/liter, and the ALKA40PFI treatment comes in at less than $0.78/liter. Enzyme
manufacturers have been working to improve enzyme costs and/or efficiency (Lane 2012),

but how much of a reduction is possible remains to be seen.

Reduction of energy costs for the three treatments with mechanical beating (Figure 2)
produces modest declines in ethanol cost. If industrial-scale mechanical beating can reduce
energy demands by the amount modeled, it will result in reducing costs by $0.05-$0.08/liter,

which may be significant to the consumer.

Similarly, biomass cost increases have a modest effect on final ethanol costs (Figure 3). For
every $5.5/Mg increase in delivered biomass cost, there is an average increase of about
$0.05/liter in ethanol cost. Also, there is an apparent relationship between enzyme levels and
ethanol price increases due to biomass cost. For those treatments that used less enzyme, the
increase in ethanol price due to biomass cost increase is somewhat greater than for those

treatments that used higher amounts of enzyme. This is probably due to the fact that
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treatments using less enzyme release less sugar per Mg of biomass. Though, if enzyme
prices remain high, enzyme cost will have a much bigger impact on ethanol prices than will
biomass costs. However, in planning for a biorefinery, it is nonetheless important to gauge

the effect that demand from the plant may have on local biomass costs.

Choice of feedstock genetics may also be an important factor in final ethanol cost. If clones
that produce superior sugar yields can be identified, it may be possible to increase efficiency
with only a small investment in the right genetics. The price difference between the best and
worst clones for each treatment ranged from $0.20 to $1.18 per liter (Figure 4). It must be
cautioned, however, that additional data are needed to test the magnitude of these genetic
differences and to make a robust estimation of how much genetic gain is feasible. A genetic
analysis of sugar yields from powdered wood core samples that were pretreated with dilute
acid and then subjected to enzymatic hydrolysis indicates that the genetic variance
component is significant (Chapter 3). However, more sugar yield data from alkaline
conversion methods would be useful to see how clonal variation and heritability might

change when a greater proportion of sugars are being extracted.

Clones from cluster three were shown to have higher sugar yields than those in other clusters
(Chapter 2). Cluster three was compared to all other clusters for the seven treatments to see
if there was any general effect on ethanol prices (Figure 5). It is apparent that cluster three
membership is generally associated with lower ethanol prices, though the magnitude of the

difference varies from treatment to treatment. Interestingly, for the treatments that showed
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the clearest statistical differences in sugar yield for cluster three (ALK20PFI and
ALKA40PFI), the magnitude of the difference in price is not as great relative to other
treatments. This is likely due to the intensive nature of these treatments (high enzyme dose

with mechanical beating), which produced a very high sugar yield for all clusters.

Conclusion
The alkaline pretreatment obtained higher sugar yields than the dilute acid pretreatment that
used equivalent enzyme levels, so the alkaline pretreatment resulted in an overall lower
ethanol cost compared to dilute acid. Increasing enzyme levels will augment sugar yields,
but at a significant cost. At high prices/FPU, enzyme costs outweigh the sugar yield gains at
the high level of dosage, making lower levels of enzyme dosing more economical. If enzyme
prices can be significantly reduced, however, it may become feasible to use higher doses of
enzyme and thereby produce more sugars from a given amount of feedstock. Additionally,
mechanical beating is an economically effective tool to promote sugar release, as energy
costs are more than offset by increased sugar yield. Production of biofuel from biomass will
require some combination of advances in feedstocks and/or biorefining; feedstock advances

are needed both to increase yields as well as select trees with superior digestibility.
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Tables and Figures

Table 1. Mean sugar yields by treatment. Standard deviation is in parentheses.
Mean Sugar Yield

1
Treatment (mg sugar/g wood)
DA20 210 (19.9)
ALK10 228 (52.8)
ALK20 332 (62.6)
ALK40 414 (59.9)
ALK10PFI 341 (60.6)
ALK20PFI 444 (65.5)
ALKA40PFI 521 (34.9)

'DA20 is dilute acid pretreatment with 20 FPU enzyme. ALK10, ALK20, ALK30 are
alkaline pretreatments with 10, 20, 40 FPU of enzyme, respectively. ALK10PFlI,
ALK20PFI, ALK40PFI are alkaline pretreatments with mechanical beating and10, 20,
40 FPU of enzyme, respectively.
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Table 2. Cost/liter of ethanol required to achieve a 12% IRR, by treatment. DA20 is
dilute acid pretreatment with 20 FPU enzyme, ALK10 is an alkaline pretreatment with
10 FPU of enzyme, and so forth. ALK10PFI is an alkaline pretreatment with
mechanical beating and 10 FPU.

Treatment’ Cost/liter
DA20 $2.33
ALK10 $1.61
ALK20 $1.43
ALK40 $1.72
ALKI10PFI $1.28
ALK20PFI $1.27
ALK40PFI $1.63

'DA20 is dilute acid pretreatment with 20 FPU enzyme. ALK10, ALK20, ALK30 are
alkaline pretreatments with 10, 20, 40 FPU of enzyme, respectively. ALK10PFI,
ALK20PFI, ALK40PFI are alkaline pretreatments with mechanical beating and10, 20,
40 FPU of enzyme, respectively.
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Figure 1. Cost/liter of ethanol with enzyme costs varying for each treatment’.

'DA20 is dilute acid pretreatment with 20 FPU enzyme. ALK10, ALK20, ALK30 are

alkaline pretreatments with 10, 20, 40 FPU of enzyme, respectively. ALK10PFI,

ALK20PFI, ALK40PFI are alkaline pretreatments with mechanical beating and10, 20,

40 FPU of enzyme, respectively.
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Figure 2. Cost/liter of ethanol with energy cost varying for each treatment®.

'DA20 is dilute acid pretreatment with 20 FPU enzyme. ALK10, ALK20, ALK30 are
alkaline pretreatments with 10, 20, 40 FPU of enzyme, respectively. ALK10PFI,
ALK20PFI, ALK40PFI are alkaline pretreatments with mechanical beating and10, 20,
40 FPU of enzyme, respectively.
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Figure 3. Cost/liter of ethanol with delivered biomass price varying for each

treatment®.

'DA20 is dilute acid pretreatment with 20 FPU enzyme. ALK10, ALK20, ALK30 are

alkaline pretreatments with 10, 20, 40 FPU of enzyme, respectively. ALK10PFI,

ALK20PFI, ALK40PFI are alkaline pretreatments with mechanical beating and10, 20,

40 FPU of enzyme, respectively.
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Figure 4. Cost/liter of ethanol comparing best- and worst-yielding clones for each

treatment®.

'DA20 is dilute acid pretreatment with 20 FPU enzyme. ALK10, ALK20, ALK30 are
alkaline pretreatments with 10, 20, 40 FPU of enzyme, respectively. ALK10PFI,

ALK20PFI, ALK40PFI are alkaline pretreatments with mechanical beating and10, 20,

40 FPU of enzyme, respectively.
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Figure 5. Cost/liter of ethanol comparing cluster three against other clusters for each

treatment®.

'DA20 is dilute acid pretreatment with 20 FPU enzyme. ALK10, ALK20, ALK30 are
alkaline pretreatments with 10, 20, 40 FPU of enzyme, respectively. ALK10PFI,

ALK20PFI, ALK40PFI are alkaline pretreatments with mechanical beating and10, 20,

40 FPU of enzyme, respectively.
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