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Cellulose modification processes require novel quality control tools to maintain optimal product
quality at high production capacity. Often multiple analysis methods are required, which is both
time consuming and expensive. Common cellulose properties analyzed in quality control are CED
viscosity, physical fibre dimensions, carbohydrates content, water retention value (WRV),
crystallinity and aldehydes content. The goal of this thesis was to investigate if molecular weight
distributions (MWD) determined by size exclusion chromatography (SEC) can be used to monitor
pulp process quality instead of analyzing said cellulose properties.

In this study, a total of 48 softwood pulp samples were pretreated with varying reaction parameters
and analyzed using SEC, CED viscometry, FS5 automatic fibre analyzer, high-performance anion-
exchange chromatography with pulsed amperometric detection (HPAEC-PAD), WRV test, X-ray
diffraction (XRD) and the formazane test. Product specific quality properties A, B and C were
determined for the samples also. The analysis results and product specific properties were
modelled using principal component analysis (PCA) and partial-least squares regression (PLS) to
investigate correlations between the variables. The objective was to determine the correlations
between sections of MWDs and the measured cellulose properties as well as product specific
quality properties, therefore affirming if pulp processing quality can be evaluated based on MWDs.

The results of the study indicated a clear correlation between average molecular weight, M,,, and
CED viscosity of pulp. It was found that peak value location, width, and height of the shoulders of
the MWD curves can be positively manipulated by increasing process parameters D, E and F and
adding hydrogen peroxide. Alkali treatment and increased parameter C had negative influence on
desired MWD shape. PCA grouping identified that parameter E correlated most positively with
product properties A, B and C, however PLS modelling indicated the same for parameter D instead.
PCA and PLS modelling identified that low M,, fibre length, PD, and CED viscosity are required for
good product properties. Low optical coarseness and galactose content showed similar effect, but
results were less reliable. Many of the PLS models were not capable of predicting proper results
due to inadequate sample size. Regardless, PLS modelling showed that the section of MWDs with
lower degree of polymerization (DP) always correlated positively with all product properties. The
same conclusion was reached using the areas of lower DP (<100) and higher DP (>2 000) fractions
of the MWDs. Based on the modelling results, an ideal MWD was estimated which could be used
as a framework for quality control monitoring.
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Selluloosan modifiointiprosessit vaativat uusia laadunvalvontamenetelmia optimaalisen laadun ja
korkean tuotantokapasiteetin yllapitdmiseksi. Usein laadunvalvontaan tarvitaan lukuisia
analyysimenetelmia samanaikaisesti, mikda on sekad aikaa vievda ettda kallista. Tavanomaisesti
selluloosanominaisuuksien valvomisessa analysoidaan CED-viskositeettia, kuitujen fysikaalisia
mittoja, hiilihydraatteja, veden pidattaytyvyysarvoa (WRV), kiteisyyttd ja aldehydipitoisuutta.
Taméan diplomityon tavoitteena oli selvittda voidaanko kokoekskluusiokromatografialla (SEC)
maaritetyilld molekyylipainojakaumilla (MWD) valvoa selluloosamassan valmistusprosessin laatua
selluloosaominaisuuksien analysoinnin sijaan.

Tassa  tutkimuksessa yhteensda 48 havupuumassandytettd esikasiteltiin  vaihtelevilla
reaktioparametreilla ja analysoitiin SEC:Il3, CED -viskosimetrialla, FS5 kuituanalysaattorilla, korkean
suorituskyvyn anioninvaihtokromatografialla pulssitetulla amperometrisella detektiolla (HPAEC-
PAD), WRYV -testilld, rontgendiffraktiolla (XRD) ja formatsaani -testilld. Naytteille maaritettiin lisdksi
tuotespesifiset laatuominaisuudet A, B ja C. Analyysituloksia ja tuotekohtaisia ominaisuuksia
mallinnettiin padkomponenttianalyysillda (PCA) ja osittaisen pienimman neliGsumman regressiolla
(PLS) muuttujien valisten korrelaatioiden tutkimiseksi. Tavoitteena oli maarittda korrelaatioita
molekyylipainojakaumien osien ja mitattujen ominaisuuksien sekd tuotespesifisten
laatuominaisuuksien vilille ja taten vahvistaa, ettd molekyylikdyrdjakaumia voidaan hyodyntaa
arvioimaan valmistusprosessien laatua.

Tutkimuksen tulokset osoittivat selvan korrelaation massan keskimaaraisen moolimassan, My, ja
CED-viskositeetin valilla. Tuloksista todettiin myds, ettda MWD -kayrien piikkiarvon sijaintia, leveytta
ja hartioiden korkeutta voidaan positiivisesti manipuloida lisadamalla prosessiparametreja D, E ja F
ja lisaamalla vetyperoksidia. Alkalikasittelylla ja lisatylla parametrilla C oli negatiivinen vaikutus
haluttuun kayran muotoon. PCA-ryhmittelyn avulla tunnistettiin, ettd paramtetri E korreloi
positiivisimmin tuoteominaisuuksien A, B ja C kanssa, sen sijaan PLS-mallinuksen tuloksena sama
korrelaatio oli parametrilla D. PCA- ja PLS-mallinnusten avulla havaittiin, ettad tuotteiden hyvien
ominaisuuksien saavuttamiseksi vaaditaan alhainen My, kuidun pituus, PD ja CED-viskositeetti.
Myos alhaisella optisella karkeudella ja galaktoosipitoisuudella oli samanlainen vaikutus, mutta
tulokset olivat vahemman luotettavia. Monet PLS-malleista eivat kyenneet ennustamaan tuloksia
kunnolla riittamattdoman naytteiden lukumaaran takia. Siitd huolimatta PLS-mallinnus osoitti, etta
matalamman polymerisaatioasteen (DP) omaava MWD-osuus korreloi aina positiivisesti kakkien
tuotespesifisten ominaisuuden kanssa. Samaan tulokseen paadyttiin kdyttamalla matalamman
(<100) ja korkeamman (>2 000) DP:n alueiden pinta-aloja. Mallinnustulosten perusteella arvioitiin
ihanteellinen molekyylikdyrdjakauma, jota voitaisiin hyodyntad puitteena valmistusprosessin
laadunvalvontaan.
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1 Introduction

Lignocellulosic materials offer a sustainable alternative to fossil-fuel derived products. They are
readily available worldwide and are a renewable resource. Lignocellulosic components are used in
various types of manufacturing, most commonly in pulp and paper making, but also in producing
glues, cellulose derivatives, textiles, films and coatings, in hydrolysis to sugars and conversion into
environmentally friendly biofuels. (Zamani, 2015) Berg and Lingqvist from McKinsey and Company
outline finding value-creating growth roles for forest products as one of the three great challenges
for the next decade of pulp and paper industry. A major aspect of this is to find right paths in next-
generation bioproducts to penetrate new markets and expand footprint in a more sustainable
economy. While for example hardwood and softwood pulps have seen steady price increases since
2017, they are highly dependent on markets like China where prices have dropped since the
beginning of 2019. Thus, broadening pulp product portfolio is essential for manufacturers to stay

competitive. (Berg and Lingqvist, 2019)

Conversion of cellulose to value-added products often requires pretreatment, because the
crystalline structure of cellulose hinders accessibility of reagents. Novel, lean, effective and
environmentally feasible cellulose pretreatment methods are continuously developed due to
increased demand for production. (Hu, et. al, 2014) Depending on the pretreatment method, the
physicochemical properties of cellulose are altered to suit production processes. For example, in
cellulose acetate fibre and film production the cellulose chains must be shortened to enable
dissolution into many solvents to produce dope and subsequent regeneration. However, shortening
the chains decreases the mechanical properties like tensile strength. Quality control is crucial in
obtaining the highest product capacities of cellulose derivatives while upholding the best
mechanical properties. In addition, it is essential in keeping production methods cost-effective to

withstand competition from oil-based materials and other biomaterials. (Berg and Lingqvist, 2019)

Various analysis methods are employed in determining properties of cellulose products and
maintaining desired product qualities. Molecular weight distributions acquired using SEC (Size
Exclusion Chromatography) are a common tool in determining the share of various polymer chains.
In the case of natural polymer such as cellulose, SEC can be used to evaluate the quality and
composition of chains. Characteristic properties of cellulose such the crystalline structure and
crystallinity index, water retention value and porosity, as well as ratio of carbohydrate monomers
can be used in conjunction with molecular weight distributions to provide information of the
process performance and the influence of process variables e.g. bleaching chemicals on the product

quality.



1.1 Aim and scope

The aim of the thesis is to establish if SEC can be utilized to monitor pulp process quality and doing
so replace other quality measurements. SEC is used to determine molecular weight distributions
(MWDs) of polymers from which key figures such as number and weight average molecular weights
(Mnand M), polydispersity (PD) and degree of polymerization (DP) can be calculated. Molecular
weight correlates with degree of polymerization (DP) and it can decrease during normal pulp
production if process parameters are not optimal. A narrow MWD is hypothetically obtained by
even fibre treatment and vice versa. Therefore, the MWD describes how well cellulose treatment
was done. A wide MWD especially on the high molecular weight area indicates non-uniform
treatment. The amount of hemicelluloses lost or gained in process conditions could be identified
by particular shoulders in MWD curves. To ascertain the hypothesized correlations between MWDs

and process quality, the study carried in this thesis will answer to the following research questions:

e (Can the existing correlation between My and CED viscosity of pulp be confirmed?

e Can the shape of MWD curves be adjusted by manipulating process parameters?

e |s there correlation between shoulders of curves and carbohydrate components like
hemicelluloses and product specific properties? What kind?

e What type of correlation exists between MWD curves and other measured properties
(crystallinity, WRV, cross-linking, etc.)?

e Can effect of pulp processing conditions be evaluated based on MWD curves?

Figures 1 and 2 illustrate the research questions regarding the assumed correlations between

MWDs and process parameters/measured properties.
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Figure 2. The area under the tails of the MWD curve can possibly be used comparatively to estimate
product quality.

Cellulose samples undergo different pretreatments to acquire samples with varying properties. The

cellulose properties specific to desired product quality are dependent on different pretreatment



methods. Multivariate data analysis methods are used to investigate correlation between analysis
results (such as viscosity) and MWD curves as well as between MWD curves and final product
properties. If CED viscosity is similar (e.g. around 300 ml/g) between samples of different origin and
different pretreatment, are their MWD curves also similar or different? The idea is to first
determine MWD curves for samples made with specific pretreatment and observe their final
product properties. Now, if samples with different pretreatment are observed to have similar MWD
curves, yet different properties, what is the reason behind that? Does a certain type of MWD curve

correlate with good product specific properties, and if not what is the underlying reason?

1.2 Structure of the study

The structure of this thesis is split into two main sections, a literature review and an experimental
study. The literature review covers the origins of natural cellulose and its structure and properties,
the analysis methods used to study cellulose polymers and a brief explanation of data processing
methods used in the study. The experimental section focuses on using multivariate data analysis
methods to study cellulose MWDs and ultimately to answer the research questions. Finally, results

are discussed and the study is concluded. Figure 3 outlines the structure of the thesis.

e Cellulose sources, structure and properties
e Analysis methods

Litergture e Multivariate data analytics
review

¢ Methods and materials
e Analysis results

Experimental

e Conclusions
e Further improvements

Figure 3. The thesis contains a literature review, an experimental section and discussions.



LITERATURE REVIEW

2 Wood fibres and cellulose

Cellulose is the most abundant biopolymer on earth, synthesized primarily in plants as well as some
bacteria and animals. Cellulose is the main structural constituent of wood fibres and enables
formation of the strong and rigid plant cell wall. It is present in varying amounts between the
different plant cell types. While cellulose in nature already exists in two polymorphs, after
extraction from plant matrix the cellulose crystalline structure can be altered further. The structural
properties and polymorphism make cellulose an appealing material for modification into value-

added bioproducts.

2.1 Wood structure and plant cell types

Trees are seed-bearing woody plants that contain wood fibres and survive throughout the dormant
season. The main structural parts of a tree are stem, top, branches, roots, bark and foliage. They
can generally be categorized into two categories, softwoods (gymnosperms) and hardwoods
(angiosperms). Softwoods are also known as coniferous trees, evergreen trees that have needles
or scale-like leaves. Hardwoods are deciduous trees that shed their leaves each season. (Alén, 2000)
Softwoods contain earlywood and latewood, a distinction not present in hardwoods. Earlywood
cells have a larger radial diameter, wider lumen, and thin cell walls. Their function is transporting

water whereas latewood provides mechanical strength to the stem. (Asikainen, 2015)

The cross-sectional macroscopic structure of a tree stem is divided into two zones known as the
xylem and bark. The xylem consists of the outer sapwood and inner heartwood. Sapwood conducts
water and sap throughout the tree structure and acts as storage for minerals and nutrients. It
contains some living parenchyma cells which are metabolically active. (Wiedenhoeft and Miller,
2005) Heartwood contains only inactive cells and takes part only in giving structural support. It
contains higher amounts of extractives and helps wood resist rot or decay (Alén, 2000). The

arrangement of wood cells in the xylem of typical softwood is shown in Figure 4.
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Figure 4. Softwood cells contain several different cell types. (Adapted from Pedersen, 2015;
originally from Thomassen, 1977)

Wood cells are formed predominantly from structural components cellulose, hemicelluloses and
lignin, and somewhat from non-structural components such as extractives, water-soluble organics,
and inorganics. In softwoods, 90 % of wood cells are tracheids (fibres). Hardwoods contain fewer
fibres, but instead other cells like vessels and more parenchyma cells. Parenchyma cells can be
aligned horizontally (ray) or vertically (longitudinal). Small passages between adjacent cell walls are
called pits and they facilitate the transfer of water and nutrients. (Alén, 2000) Distinction between
amount of cells in softwoods and hardwoods is presented in Table 1.

Table 1. The amount, length and width of major cell types in softwood and hardwood xylem. The
values presented are averages and vary by tree species. (Adapted from Alén, 2000)

Cell type Amount in xylem, vol-% Length, mm Width, um
Softwood

Tracheid (fiber) 90 1.4-6.0 20-50
Ray tracheid <5 0.01-0.16 2-50
Ray parenchyma <10 0.01-0.16 2-50
Epithelial parenchyma <1

Hardwood

Fibers 55 0.4-1.6 10-40
Vessels 30 0.2-0.6 10-300
Longitudinal parenchyma <5 <01 <30

Ray parenchyma 15 <0.1 <30
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The length and width of individual wood fibres can be traditionally measured with microscopes or
nowadays using automatic fibre analyzer apparatus. Automatic fibre analyzers use high resolution
imaging tools to observe and measure dimensions of fibres passing through a glass slit in low
concentration. Other fibre properties such as kinks, fibrillation and optical coarseness can be
determined based on dimension measurements. Furthermore, fibre analyzers can be instructed to
determine ratio of wood species in analysed samples and identify non-tracheid objects like vessels

and shives. (Valmet, 2019)

Cellulose is the main structural component of wood cells and its content varies between 40-45 %
of total dry wood mass. Hemicelluloses are heteropolymers formed through alternate biosynthetic
routes with lower degree of polymerization (DP) compared to cellulose. They function as supporting
material for the cell wall also and are more prevalent in hardwoods (23-40 %) than softwoods
(23-30 %). Hemicelluloses present in hardwoods are glucuronoxylans and glucomannan and in
softwoods galactoglucomannan, glucomannan and arabinoglucuronoxylan. Hemicelluloses can be
hydrolysed relatively easily into their monomeric sugar components. (Sjostrom, 1993) Lignin is a
non-linear polyphenol and acts as glue between fibres. It is the main component of the middle
lamella, giving the brown colour for wood. It is also responsible for controlling water within the cell
wall. Lignin content is higher in softwoods (27-33 %) than hardwoods (19-25 %). Extractives make
up the remainder of the plant matrix and their purpose is giving various physical and mechanical
properties as well as colour and scent. The main groups of wood extractives are terpenes and
terpenoids, esters of fatty acids, fatty acids and alcohols, waxes and their components and

inorganics. (Alén, 2000)

2.2 Wood fibres

Wood fibres consist of layers of semi-crystalline cellulose microfibrils in separate layers with a
hollow lumen in the centre. The layered cell wall structure presented in Figure 5 can be divided into
a relatively thin and flexible primary wall (P) formed when the cell is growing and a thicker
secondary wall (S). The fibres are bound together by the middle lamellae (M) consisting mainly of
amorphous lignin and hemicellulose. (Alén, 2000) The lignin rich P layer contains much less cellulose
content than the S layer, which is the main load bearing structure of the cell wall consisting of layers
with differing microfibrillar orientation denoted as S1, S2 and S3. (Sjostrém, 1993) Table 2 outlines

the different compositions of cellulose and lignin in the cell wall layers.
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Table 2. Composition of Cellulose and lignin in softwood early- and latewood (Fengel, 1970).

Layer Cellulose, % of total cellulose Lignin, % of total lignin
Earlywood Latewood Earlywood Latewood

M+P 4 3 27 18

S1 9 5 10 8

S2+S3 87 92 63 74

The S2 and S3 layer contains the majority of cellulose thus provides greatest structural strength
properties of the cell wall. All conifers and some hardwoods also contain an innermost warty layer
(W) attached to the S3 layer and aligned with the cell lumen, composed of mainly lignin and some
hemicellulose (Sjostrom, 1993). Microfibrils thread around the cell axis at different helix angles
depending on the layer. The microfibril angle has been shown to affect the rigidity and strength of
fibres with high fibril angles (30—-40°) providing less than half of the strength of low fibril angles (0-
10°). (Gurnagul, et al., 1992)

Figure 5. The layered cell wall structure of a wood fibre showing relative thicknesses and differing
microfibrillar orientations between the cell wall layers. (Sjostrom, 1993)
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The outermost P layer is 0.1-0.2 um thick and shows random orientation of microfibrils. The P layer
lacks microfibrillar layering or lamellae as opposed to the S layer, where lamellae can be
distinguished as shown in Figure 6. (Sjostrom, 1993) The S1 layer is 0.1-0.3 um thick and consists
of 2—6 lamellae. Here, microfibrils orient in grid shape at high angles of 50-70°. The S2 layer is 1-5
pum thick and consists of 30—-150 lamellae. The fibril angle is lower between 10-30°, therefore
providing greater strength and rigidity. (Stén, 1997) The innermost S3 layer is thinner than S1 layer
(0.1 um) consisting of 0-6 lamellae, meaning the S3 layer can be absent such as with compression
woods. Fibril angle is high between 60-90° with some microfibrils being perpendicular to cell axis.

(Hisashi, et al., 1992)

Figure 6. SEM images of a spruce tracheid show the relative thickness and highly lamellar structure
of the S layer. (Fahlén and Salmén, 2002)

Cellulose microfibrils are composed of several aggregated elementary fibrils known as micellar
strands and microfibrils can be as long as few micrometers as a result of high DP of native cellulose
(O'Sullivan, 1997). DP in native wood cellulose is approximately 10 000 meaning straightened
microfibrils can be 5 micrometers long. Pulping and bleaching processes decrease the DP of
cellulose to under 2 000, for example with dissolving pulp which has DP between 600-1 200.
(Klemm, et al., 1998) The viscosity of wood pulp is closely related to the DP and thus also decreases
during pulping and bleaching processes. SEC is one method of accurately determining the DP of

cellulose by measuring the average molecular weight of analyzed polymer chains.
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The number of individual cellulose chain forming microfibrils is approximately 24—-36, however this
number is ambiguous. Cellulose microfibrils are known to have widths generally around 3-4 nm,
but the exact width depends on species. This is because the ultrastructural assembly of microfibrils
in native wood is difficult to observe due to the compact arrangment of cell wall polymers. (Reza,

etal., 2017)

Cellulose microfibrils are commonly assumed to be straight crystallites due to assumptions of the
individual cellulose chain units being flat. However, microfibril twisting has been observed to occur
in microfibrils as presented in Figure 7. Furthermore, twisting has been determined to be solely
right handed. (Zhao, et al., 2013; Reza, et al., 2017) Hainley et al. studied microfibril twisting with
atomic force (AFM) and transmission electron microscopy (TEM) and determined the twist angle to
be 0.26° per cellobiose unit for 20-50 nm thick microfibril aggregates. Therefore, a complete
rotation for a uniform twist would occur every 2 800 glucosyl units or 1 400 nm chain length.
(Hanley, et al., 1997) Reza et al. studied microfibril twisting in the S1 layer using TEM and applying
mathematical modelling to determine the complete helical twist of elementary fibrils to occur every
321-371 nm depending on the location of the elementary fibril. (Reza, et al., 2017) The exact period

between twists in microfibrils is thus ambiguous.

Figure 7. The microfibril axial twist shown in different regions along the chain. The right handed
twist can be continuous (A) or fragmented (B and C), caused by surface tension due to water
evaporation. (Hanley, et al., 1997)

Zhao et al. determined a relationship between cellulose microfibril geometry and twist
microstructure. Helical angle was found to decrease as a function of microfibril width and to be
independent of microfibril length. They also found that twist is an intrinsic property of cellulose

microfibrils and is not counterbalanced by extensional stiffness of the chain. (Zhao, et al., 2013)
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Fibre properties are affected significantly by the water contained in the cell wall. Native wood fibres
contain water in free and bonded forms and the quantity of free water can be up to twice their dry
mass. The free hydroxyl groups of cell walls attract and bind water molecules until all accessible
sites are saturated. (Reeb, 1995) Subsequently, water begins to build up between the fibres, inside
the cell lumen and within the pore structure of the fibre cell wall. (Suchy, et al., 2010) Drying of
wood fibres begins with removal of all free water, only after which bound water is affected (Reeb,
1995). Maloney states that the order of water removal in wood fibres is interfibre water, macropore
water, micropore water and lastly nonfreezing water. Macroporosity includes pores with size
greater than 50 nm and they contain bulk water not closely associated with the cell wall polymers.
(Maloney, 2000) Microporosity refers to water in the smallest pores, water held in hemicellulose
networks on fibril surfaces, and water within fibril aggregates (Rahikainen, et al., 2019).
Nonfreezing water is a type of water with lower freezing point than 0 °C and as such remains in the
biopolymer phase despite being subjected to low temperatures in which bound water freezes

(Kocherbitov, 2016).

The pore structure of fibre walls has great influence on pulp reactivity, since highly porous materials
have greater available surface area available for substrates. Pores allow solvents to reach inner
parts of fibres without having to break through the stiff crystalline structure. The porous fibrillar
structure of microfibrils is shown in Figure 8. The porosity of pulp samples can be measured to some
extent using dry specific surface area (SSA), because drying causes pore closure and thus higher SSA
suggests higher overall porosity. SSA values have been determined to be 80-190 m?/g for never
dried softwood kraft pulps, and the value can be increased by for example pretreatment using
nanofibrillation or regeneration of cellulose. (Lovikka, et al., 2016) Another method to measure
pore volume is solute exclusion which utilizes a series of non-interacting probe molecules to
measure accessible pore volumes. Probe molecules with different sizes can access different pore
volumes and the specific total pore volume is determined from the specific pore volume

inaccessible to the largest probe molecule used. (Wang, et al., 2012)
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Figure 8. The series of images by Lovikka et al. shows the porous fibrillar structure of microfibrils
on the left, the effect of drying on the pore structure and the inability to recover original pore
structure after rewetting (Lovikka, et al., 2016).

The structure and properties of delignified never dried and dried wood fibres are different, because
drying induces a permanent decrease in water binding ability and swelling capacity known as
hornification. Hornification does not affect cellulose crystallinity or crystalline structure, but causes
irreversible pore collapse, microfibril aggregation, and hydrogen bond formation. This results in
reduction of the accessibility of enzymes and reactive chemicals to the fibre structure. (Suchy, et
al., 2010) The closure of meso- and macropores (2-50 nm and >50 nm) has been reported to have
the most detrimental effect on reactivity (Lovikka, et al., 2016). Furthermore, hornified fibres have
inferior strength properties due to reduced flexibility and increased brittleness (Cabalova, et al.,

2011). The impact of hornification on the fibre macrostructure is presented in Figure 9.

Figure 9. The drying model of wood fibres shows effect of hornification. Expansion of dried fibres
(A) with rewetting is limited due to irreversible changes caused by hornification. Fibres undergo
only partial expansion to structure (C) instead of original wet structure (D). (Laivins and Scallan,
1993)
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The effect of hornification on wood fibres can be observed for example by determining the water
retention value, which gives lower values for hornified samples. The determination of aldehyde
groups in cellulose can also give insight on hornification, because formation of aldehyde groups

suggests cross-linking of chains as a result of microfibril aggregation and hydrogen bond formation.

2.2.1 Separation of wood fibres

Various mechanical and chemical processes exist for wood processing with the goal of separating
wood fibres from the confining plant matrix. For this purpose only debarked stemwood is used out
of all structural tree components. Mechanical force can be used to forcefully separate fibres from
each other by grinding or refining. The process consumes large quantities of energy, but produces
very high yield (91-98 %). The chemical composition of fibres stay almost intact, meaning lignin,
hemicelluloses and extractives remain. Mechanical pulping can be enhanced by introducing heat,

chemicals or both into the process. (Alén, 2000)

Chemical processes use mixtures of chemicals called liquors at elevated temperatures to remove
lignin (delignification) and hemicelluloses, separating the fibres from each other. Figure 10
illustrates the common steps of the chemical delignification process. Nowadays, the most dominant
chemical pulp process is the kraft process due to excellent strength properties of pulp, the ability
to use different wood species and low quality wood, efficient chemical, energy and by-products
recovery and short cooking times. In the kraft process, wood chips are introduced into a digester
with white liquor, which contains sodium hydroxide (NaOH) and sodium sulphide (Na.S), at
temperatures around 170 °C. The lignin primarily reacts with hydrogen sulphide ions (HS™) while
cellulose and hemicellulose are affected by hydroxide ions (OH’). Sodium hydroxide is used to
extract lignin and extractives from the fibres. The cooking process removes approximately 90 % of
lignin and upto 60 % hemicelluloses. Around 15 % of cellulose is degraded during the process,
resulting in yields of 47 % for pine and 53 % for birch of the dry feedstock. (Alén, 2000) After
cooking, residual lignin is removed from the pulp by oxygen delignification, acid stage and bleaching
with combination of oxygen, chlorine dioxide, hydrogen peroxide, ozone and peracetic acid in
modern mills. (Klemm, et al., 1998) White liquor containing dissolved lignin, called black liquor, is
burned in a recovery boiler to generate heat and electricity resulting in a self-sustaining process.
The remaining smelt is processed in a chemical recovery system to regenerate white liquor used in

the digester.

Acid sulphite process accounts for less than 20 % of pulp production worldwide. Sulphite process

differs from the kraft process mainly by the cooking chemicals. Here, sulphur dioxide (SO,),
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hydrogen sulphite ions (HSOs™) and sulphite ions (SOs%) are used in cooking process at different
proportions depending on pH. The ability to adjust pH allows higher versatility in pulp yields and
properties. (Alén, 2000) For example, an acid sulphite process uses strongly acidic cooking liquor
(pH 1.5-2) at temperatures 125—-145 °C and cooking times up to 7 h to produce highly hydrolysed
pulp with low content of hemicelluloses that is especially suited for dissolving pulp and tissue
papers. (Bajpai, 2018) While its popularity has faded under the affluence of the kraft process, it
provides some other advantages such as higher brightness of unbleached pulps, higher yields at

given kappa number, lower odour problems, and lower investment costs. (Alén, 2000)

Wood (35-40 % cellulose) l

l Pulp bleaching
Chlorine chemicals Chlorine-free chemicals

Mechanical pretreatment
cl,, Naocl, clo, 0,, 0,, H,0,

Debarking Shredding to chips

Cooking (delignification) Washing, drying, packing

Kraft process Sulphite process l
NaOH/Na,S/H,0 NaHSO;/H,0 Bleached pulp (90-95 % cellulose)
170-180°C 125-145°C

Figure 10. Kraft and sulphite wood delignification processes differ in the delignification step in
terms of process chemicals and conditions used. (Klemm, et al., 1998)

The chemical pulping process induces significant changes to the structure of wood fibres. Fibre
strength is only slightly decreased, however the DP of carbohydrate chains is reduced significantly
due to cleavage of acetyl groups (Gurnagul, et al., 1992). The cleavage of end groups known as the
peeling reaction causes the majority of hemicelluloses to degrade into hydroxy carboxylic acids.
Cellulose DP is reduced but less so due to the highly crystalline nature and high native DP. (Alén,
2000) Since the removal of lignin increases relative carbohydrate content in pulp, the number of
accessible OH-groups increases. Lignin removal also increases porosity of the cell wall and the size
of microfibril bundles. Therefore, chemical pulping increases reactivity of cellulose. (Suchy, et al.,
2010) The blowing of cooked pulp out of the digested in chemical pulping can cause mechanical

damage in the form of tear strength loss (Gurnagul, et al., 1992).

2.3 Cellulose structure and properties

Cellulose is a glucose homopolymer composed of D-anhydro glucopyranose units linked covalently
by B-(1-4) glycosidic bonds (Hu, et al., 2014). The molecular structure of cellulose includes an
anomeric hydroxyl group at C; with reducing properties and an alcoholic hydroxyl group at C,—OH

with nonreducing properties. Cellulose contains hydrophilic and hydrophobic sites, thus is
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amphiphilic. The DP of native wood cellulose is in 10 000s varying by species, but chemical pulping

components of cellulose molecular structure.

Cellobiose based unit

processes lower cellulose DP to 500-2 000. (Alén, 2000) Figure 11 presents the principal
OH
HO OH °  Ho OH
HO o o o]
0 HO OH o
OH OH

e}
(o] H
OH
n-4 OH
%_—/
Non-reducing end group Anhydroglucose unit  Reducing end group
(n = value of DP)

Figure 11. Structure of cellulose polymer chain with reducing and non-reducing ends. Two B-d-
glucopyranose units form a cellobiose unit, which are in chair conformation. (Klemm, et al., 1998)

The main function of cellulose is giving strength to plant cell walls due to the high stability and axial
stiffness of its semi-crystalline supramolecular structure. Cellulose polymers form linear
conformations shown in Figure 12 caused by the tendency for inter- and intramolecular hydrogen
bonding between hydroxyl groups and glucopyranose rings as well as weaker van der Waals forces.
(Déléris and Wallecan, 2017) As a consequence, cellulose is insoluble in most solvents (Sjostrom,
1993). Elementary fibrils are formed by hydrogen bonded cellulose sheets stacking on top of each

other (Déléris and Wallecan, 2017).

Figure 12. Intra- and intermolecular hydrogen bonding between chains. (Staiger, et al., 2009)

The abundancy and biodegradability of cellulose provides great potential to replace global
dependency on non-renewable sources for modern applications in fuels and materials (Brigham,
2018). However, the full potential of cellulose in modern applications is restricted by the highly
crystalline and stable structure which hinders accessibility to reactants. Therefore, pretreatment
methods must be employed to disrupt the structure and increase amorphization of cellulose. (Hu,

et al., 2014) Cellulose structure is never entirely crystalline. A widely accepted model for cellulose
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crystallinity is the fringed fibrillar model, which suggests that crystalline regions coincide with less
ordered (amorphous) segments in both longitudinal and lateral directions, forming branching
microfibrils of irregular width (Hearle, 1958). However, newer studies using hardwood celluloses
oxidized by 2,2,6,6-tetramethylpiperidine-1-oxyl radical (TEMPQO)-mediated system propose more

regularly shaped microfibrils without branching (Saito, et al., 2007).

2.3.1 Cellulose crystallinity and polymorphs

Cellulose crystallinity has a large impact on the overall chemical reactivity by limiting accessibility
of solvents and reactants. Crystalline regions are principally chemically stable due to the difficulty
of reactants penetrating the tight crystallite cores. Amorphous regions on the other hand are highly
susceptible to interactions with reactants, however their accessibility is still impeded by
neighboring crystalline regions. (Zuckerstatter, et al., 2013) The cellulose crystallites are small. For
Norway spruce and other softwoods, thickness values have been reported between 25 A and 36 A

and length values between 65 A and 311 A (Andersson, et al., 2003).

Several known forms of cellulose polymorphs exist with different crystalline structures defined by
the hydrogen bonding pattern between cellulose chains. Native cellulose is always in cellulose I, or
Ig forms. Cellulose l4is more crystalline and has higher DP than cellulose Ig, but is formed mainly in
bacteria and algae whereas wood consists primarily of cellulose Ig. (Sjostrom, 1993) Native cellulose
| can undergo irreversible change into cellulose Il by regeneration or mercerization, which is
treatment in strong alkali solution. Cellulose Il is a more stable polymorph due to more compact
hydrogen bonding pattern as shown in Figure 13. The tighter bonding makes the use cellulose Il
more difficult. (Sjostrom, 1993) However, regenerated cellulose products like textile fibres and films
have cellulose Il form (Zuckerstatter, et al., 2013). The crystallinity of cellulose and polymorph can

be determined using X-ray diffraction (XRD) and nuclear magnetic resonance imaging (NMR).
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cellulose | cellulose Il

Figure 13. Proposed cellulose | and Il polymorph structures showing different intramolecular
hydrogen bonding in cellulose Il. Cellulose | has a parallel polymer chain structure whereas the
structure is antiparallel in cellulose Il. (Kroon-Batenburg, et al., 1986)

Treatment of cellulose | or Il with liqguid ammonia or diamine induces change into cellulose Il
polymorph, however this change is reversible. Furthermore, heat treatment of cellulose Il causes
change into a proposed cellulose IV polymorph. (O'Sullivan, 1997) Figure 14 underlines the

conversion routes for cellulose polymorphs.

Regeneration
Mercerization
Cellulose | » Cellulose Il
NHa) NH3
~NHyg) —NHsg)
Cellulose Il Cellulose III,
heat heat
Cellulose IV, Cellulose 1V,

Figure 14. Conversion routes of native cellulose | to other polymorphs. (O'Sullivan, 1997)
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2.4 Cellulose dissolution

Dissolution of cellulose in its native state is impeded by the highly crystalline and stable polymer
structure as well as the inter- and intramolecular hydrogen bonds between polymer chains (Hu et.
al, 2013). The hydrogen bonds have to be broken and replaced with those between cellulose
molecules and the solvent in order to achieve molecularly dispersed solutions (Sjoholm, et al.,
2000). The high degree of polymerization thermodynamically inhibits dissolution also and long
chains are prone to entanglement at high molecular weights (Budtova and Navard, 2016). Hence,
dissolution requires degradation of cellulose chains, which reduces mechanical properties. The goal

often is to degrade cellulose as little as possible while achieving satisfactory dissolution grades.

Native and synthetic cellulose behave differently in solvents (Budtova and Navard, 2016). Cellulose
fibres undergo heterogeneous swelling and dissolution when introduced into solvents. Specific
regions along the cellulose fibre structure are swelled with others remaining unaffected, causing
bead-like shapes to form in what is known as ballooning effect. The ballooning effect has been
accounted to the P and S1 layers of the cell wall. The P layer forms restrictive collars in between
the balloon membranes composed of slowly dissolving S1 layer. (Reza, et al., 2017) The slowly
dissolving S1 layer pushes through tears in the primary wall causing it to roll up (Budtova and
Navard, 2016). Improving the cellulose solvent system has been shown to improve dissolution of
the P layer and reduce the ballooning effect (Reza, et al., 2017). Man-made cellulose polymers
dissolve through several phases. When subjected to solvents, the solvent begins to swell the solid
state until chains disentangle. At this point, individual chains can be separated from each other and

solvent advances towards inside the solid material. (Budtova and Navard, 2016)

Cellulose dissolution is highly dependent on solvent quality. Chemical modification and
derivatization make dissolution of cellulose possible. Derivatizing processes induce structural
changes to the cellulose molecules to enable dissolution of the cellulose derivative. Numerous
different cellulose solvent systems have been researched and tested, of which the most industrially
applied cellulose solvent system is the derivatizing viscose process. Highly toxic carbon disulphide
is used to convert alkali cellulose into cellulose xanthogenate in the xanthanation reaction:
OC,H,0,.NaOH
CeH100s + 2NaOH + €S, —> C=—5 +H,0

SNa (1)
The metastable derivative is then dissolved into sodium hydroxide producing the spin dope.

Subsequent recrystallization (regeneration) hydrolyses the cellulose xanthate groups, releasing

thiocarbonic acid and recovering a long rayon fibre. A non-derivatizing solvent system is the
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combination of lithium chloride and dimethylacetamide (LiCl/DMAc), which is commonly used in
laboratory analyses such as size exclusion chromatography. The LiCI/DMAc complex forms
hydrogen bonds with cellulose enabling dissolution. Another similar solvent system is N-
methylmorpholine-N-oxide (NMMO) used industrially in the lyocell process. The N-O bonds of
NMMO are capable of breaking the hydrogen bond network and forming strong bonds with
cellulose. lonic liquids can also be used as solvents due to anionic interactions directly with cellulose
hydroxyl groups. Furthermore, non-derivatizing solvent systems can be enhanced by addition of

metal oxides such as ZnO, urea and thiourea, as well as surfactants. (Budtova and Navard, 2016)
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3 Analysis methods
The analysis methods used in the experimental section of the study are presented in Table 3.

Table 3. The methods and apparatus for the different cellulose analyses.

Analysis Method Apparatus

Molecular weight SEC Agilent Technologies Infinity 1260 LC

distribution PLgel MIXED-A columns (300 mm, 20 um)
Optilab T-reX Rl detector

Cross-linking SEC MALLS detector

CED viscosity ISO 5351:2010, Rheotek RPV-1 Viscometer

Fiber dimensions ISO 16065-2 Valmet FS5 Fiber Analyzer

Carbohydrate content SCAN-CM 71:09 Waters e2695 Separations Module

HPAEC-PAD Waters 2465 Electrochemical Detector

Aldehydes Tetrazolium/Formazan Hitachi U-2900 Spectrophotometer

test

Water retention value ISO 23714:2014 Beckman Coulter Avanti J-30I

Crystallinity XRD Bruker D8 Advance

Crystallinity 13C CP-MAS NMR Bruker Avance Ill HD 400

spectrophotometer with 4 mm dual
broadband CP-MAS probe

Quality measurements Internal
A,BandC

3.1 Size exclusion chromatography (SEC)

SEC is a method used to separate molecules based on their hydrodynamic volume. The principle
behind separation is passing diluted aqueous or organic polymer solution through a column packed
with porous material, where smaller molecules can access more volume and thus retain longer
inside the column. Conversely, larger molecules are completely excluded from the pores and pass
through the column unhindered. The pore size and distribution of packing material can be adjusted
depending on the size of analyzed polymers and it is the most critical factor for optimal separation.
The technique is also known as gel permeation chromatography (GPC) when using organic solvents
as mobile phase. Samples used in SEC must be fully dissolved and there must be no influence of
enthalpic (adsorptive) interactions between sample molecules in mobile phase and the particles of
stationary phase. When enthalpy, AH, equals 0, elution volume can be correlated to molecular mass
using known molecular weight standards or measured directly using laser scattering. (Philipsen,
2016) Secondary effects such as ion exchange and electrolyte effects have lower impact, but should

be considered with a highly polar analyte like cellulose (Potthast, et al., 2015).
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Several parameters describing the molecular weight distribution can be calculated (Philipsen,

2016). The parameters are the number average molecular weight:

T _ XNiM; . Ywj

Mn INi  Xwi/M

(2)

Weight average molecular weight:

T _ INiMi® _ TwiM;
WTSNM  Sw 3)

And Z-average molecular weight:

— _ DN;M;®
7 — ZNiMiZ (4)

where Nj is the number of molecules with molecular weight M;, and w; is the weight fraction of

molecules with molecular weight M;.

The number average molecular weight is determined by measuring the number of molecules in a
sample with known weight. In comparison, weight average molecular weight takes into account the
contribution of molecular size on the molecular weight average instead of only the number of
polymers. Further, Z-average molecular weight increases the sensitivity to higher molecular weight
polymers, however is more unprecise to measure and commonly not included in results. (Agilent
Technologies, 2015) According to Potthast et al., the number average molecular weight (M,) is most
commonly used, because it is directly related to DP, highly influenced by the separation efficiency
of the column in the low molar mass region, and is dependent on alignment of baselines and setting
of peak limits in raw chromatograms. On the other hand, weight average molecular weight (My) is

simpler to measure and less influenced by aforementioned factors. (Potthast, et al., 2015)

All commerically relevant polymers and most natural polymers have different polymer chain
lengths described by the molecular weight distribution, thus they are polydisperse. Polydispersity

index, PD, describes the width of the molecular weight distribution curve (Philipsen, 2016):

MW
PD == (5)

The PD value for a monodisperse polymer is 1, and the greater the value of PD the wider the
molecular weight distribution. Cellulose polymers are formed by chain reactions which have PD

values from 1.5 to 20. (Agilent Technologies, 2015)

In SEC, calibration curves are obtained by measuring retention of low polydispersity polymer

standards with known molecular masses. The calibration curves are used to transform measured
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distribution of analytes into molecular mass distributions by correlating the measured retention

time to known standards. (Philipsen, 2016)

Potthast et al. point out three common detection systems for SEC: concentration-responsive
detectors, structure-responsive detectors, and molar mass-responsive detection systems (Potthast,
et al., 2015). Refractive index (RI) detectors measure refracted light in the eluent and the sample
and compare them to acquire a specific signal (Waters, 2019). UV/fluorescence detectors can be
used to detect chromophores and UV/fluorescence labels in polymers and additives. They can also
be used to detect residual lignin in unbleached cellulose materials and monitor formation of UV- or
fluorescence-active derivatives. (Potthast, et al., 2015). Photodiode array (PDA) detectors are used
to measure multiple wavelengths instantaneously to observe entire UV spectra of polymer samples
(Waters, 2019). Molecular weight sensitive detectors utilize viscometry, calibration with narrowly
distributed standards, and laser light scattering, providing the most accurate results in terms of
molecular mass. Laser light scattering is the only method to directly measure absolute molecular
mass and is subsequently the most expensive type of detector available. (Potthast, et al., 2015) An

example of a SEC system set-up is illustrated in Figure 15.
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Figure 15. A possible SEC system set-up with multi-angle light scattering (MALLS) and RI/UV
detection. (Potthast, et al., 2015)

The composition of polymers can be extensively studied using SEC with high precision. Relative
standard deviation (RSD) is 2—5 % when studying relative MWDs using e.g. RI-detector. True MWD

measurements via viscosity and light scattering detection provide more accurate results with lower
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precision (RSD = 10 %). Nevertheless, non-exclusion effects can affect reproducibility and accuracy
of MWDs. Low molecular weight polymers can be troublesome to measure accurately due to end
group effects. Mass spectrometry can instead be used for molecular weights under 2000 (g mol™).

(Philipsen, 2016)
3.1.1 Molecular weight distributions of cellulose

SEC is widely applied in determining molecular weight distributions of cellulose as well as dissolved
lignins and hemicelluloses (Holmblom and Stenius, 2000). While cellulose degradation during
treatment processes can be observed with for example intrinsic viscosity, MWD provides much
more detail on the degree of degradation (Berggren, et al., 2003). Cellulose polymers are naturally
polydisperse. Hence, MWDs are a useful tool in cellulose quality control as they largely determine
final mechanical properties. Cellulose MWDs are commonly determined using SEC coupled with

molar mass detection system and Rl detector. (Oberlerchner, et al., 2015)

Cellulose is difficult to dissolve in underivatized forms due to the highly crystalline polymer
structure and strong bonding. For cellulose dissolution prior to SEC, there is a lack of clear
consensus on protocols and standard operation procedures for polymer dissolution and
measurement (Potthast, et al., 2015) A prevalent cellulose solvent is a lithium
chloride/dimethylacetamide (LiCl/DMAc), which is a stable system requiring no derivatization of
sample (Berggren, et al., 2003). Hemicellulose content has been reported to cause detrimental
effects on solubility especially with kraft softwood pulps. The aggregation of cellulose may distort
MWD, but can somewhat be avoided by mechanical treatment of solutions. Softwood kraft pulps
and paper-grade pulps require longer dissolution times and special pretreatments in comparison to

easier pulps such as hardwood and dissolving pulps. (Sjéholm, et al., 2000; Potthast, et al., 2015)

Determining cellulose MWD with molar mass sensitive SEC system requires calibration, however
there exists no appropriate cellulose standards (Potthast, et al., 2015). In addition, chemical pulp
cellulose has a wide molecular weight range (10 000-500 000), which limits the number of
applicable standards. Pullulan is a common calibration standard used for underivatized pulp
characterization due to its low polydispersity (PD < 1.2) and similar polymer structure to cellulose.
Low polydispersity is desirable in order to have standards close to a single molecular weight.
Pullulan consists of a-(1,4)-d-glucopyranose units whereas cellulose consists entirely of B-(1,4)-
glucopyranose units. (Berggren, et al., 2003) The relationship between molecular weight and
hydrodynamic volume is similar with pullulan and cellulose polymers due to the linearity of the

structure as presented in Figure 16. However, drawback of calibration curves using pullulan
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standards is the need for extrapolation to cover the entire elution range of some wood pulp

cellulose samples. (Sjoholm, et al., 2000)
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Figure 16. The molecular structure of pullulan is constructed of three a-(1,4)-d-glucopyranose units
(maltotriose) connected by a-1,6-linkage. (Ferreira, et al., 2015)

Another commonly used calibration standard especially in organic GPC analysis is polystyrene,
which is commercially available in specifically polymerized narrow standards with low
polydispersity (PD < 1.10) (Waters, 2019). Polystyrene has a smaller hydrodynamic radius to that of
pullulan in LiCl/DMac for the same M, (Sjoholm, et al., 2000). The benefit of polystyrene is a
broader molecular weight range compared to pullulan standards, meaning a wider range of

different polymer lengths are available as standards. (Wu, 2003).

Conventional calibration techniques have the risk of overestimating molecular weights upto 29 %
higher compared to light scattering (Potthast, et al., 2015). Overestimation can be minimized to a
certain degree using corrective indexes obtained from absolute molecular mass methods (Sjéholm,
et al., 2000). Light scattering techniques such as multi-angle laser light scattering (MALLS) measure
absolute molecular mass, thus require no calibration and provide more accurate MWD data

(Berggren, et al., 2003).

MWDs provide significantly more information in comparison to molecular weight averages in
polymer analytics. MWD symmetry, multimodal distributions, molar mass minimum and maximum,
and the molar mass of most abundant fractions can be evaluated. Molecular weight fractions above
and below specific values can be determined with a cumulative plot. Oberlerchner et al. studied
the MWD of dissolving hardwood pulps prepared by the sulphite process in acid conditions. The pH
during pulping was between 2—3 and temperature above 100 °C. The pulp was bleached in a totally
chlorine free (TCF) sequence. (Oberlerchner, et al., 2015) The MWDs obtained are shown in Figure
17.
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Figure 17. The MWD distribution determined by SEC for hardwood pulp prepared by sulphite
process and bleached in TCF sequence shows a separate peak for cellulose and hemicellulose
fractions. (Oberlerchner, et al., 2015)

Figure 17 shows a trimodal distribution with the cellulose fraction in slightly different peaks at My,
4.6 and 5.5 alongside a smaller peak at My, 3.6 that is caused by hemicellulose and degraded
cellulose. The two cellulose peaks were caused the acid conditions separating more and less
hydrolysed cellulose fractions. The hemicellulose peak is often very distinct with hardwood pulps
due to dissolution of xylan. The resolution of smaller M,, peaks also depends on the M, range of

the SEC column used. (Oberlerchner, et al., 2015)

3.1.2 Cross-linking using SEC-MALLS

In addition to determining molecular weight distributions of polymers, a SEC system using multi-
angle laser light scattering (SEC-MALLS) can be used for determining the shape of dissolved
polymers by observing the radius of gyration of polymers. The radius of gyration of a polymer scales
with a scaling exponent of the chain length, which reflects the effect of solvent quality. According
to the Flory theory, the scaling exponent for good, theta and bad solvents is 0.6, 0.5, and 0.33
respectively. (Jamali, et al., 2015) The scaling exponent for softwood kraft pulps in LiCl/DMAc
solution is approximately 0.45 and for dissolving pulps 0.55 (Henniges, et al., 2011). Subsequently,
the system can be utilized to detect cross-linking of polymers by observing correlations between
the gyration radius and MWD data. (Potthast, et al., 2015) If the shape of polymer is disparate from
its typical MWD, there is evidence of polymer cross-linking. Chemical cross-linking improves
dimensional stability and increases hydrophobicity (Herrera, et al., 2017). Therefore, higher

amounts of cross-linking in cellulose suggest lower accessibility to solvents and reactants.
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3.2 CED viscosity with Rheotek RPV-1 Viscometer

CED viscosity is an important metric, because it is closely related to the degree of polymerization of
cellulose chains. High CED viscosity implies high DP of cellulose, which makes dissolving difficult
into solvents such as LiCl/DMAc required in measuring MWD. Viscosity also provides information
about the mechanical properties of pulp. Often lower DP is associated with reduced mechanical
properties. The goal in CED viscosity measurements is to determine correlation between specific

viscosity values and the final properties of produced pulps.

The limiting viscosity number of cellulose masses can be determined dissolving in cupri-
ethylenediamine (CED) solution and measuring viscosity with a Rheotek RPV-1 Viscometer by
measuring the drainage time of a specified amount of liquid. Minimum sample size is 150-200 mg
and viscosity determination range 100-1400 ml/g. Uncertainty of method using reference mass is +

11.0 ml/g at 95 % confidence level. (ISO 5351:2010)

3.3 Fiber analyses with Valmet FS5

Fiber dimensions are measured using Valmet FS5 fiber image analyzer. The apparatus can analyze
all natural and synthetic fibres between 0.2-7.0 mm length. Length weighted fibre length
measurement is based on ISO 16065-2. Fibres in dilute solution are passed through a glass interface
where high resolution gray-scale images are taken of individual fibres. Fibre properties are
automatically calculated, including fibre length and width, fibre curl and kinks, number of particles,
fibres and fines, fibre fractions, fibrillation, and optical coarseness. Softwood/hardwood ratio is
measured using specific references. In addition, the analyzer can be taught to distinguish shives,

flocks and fibre bundles. (Valmet, 2019)

3.4 Carbohydrate analyses with HPAEC-PAD

High-performance anion-exchange chromatography with pulsed amperometric detection (HPAEC-
PAD) has become a common technique for analysis of sugars in wood and pulp hydrolysates.
Electroanalytical detectors measure changes in the conductivity, in the electrochemical reduction
or oxidation potential of the eluent. Pulsed amperometric detectors provide highly sensitive

detection of mono- and oligosaccharides. (Holmblom and Stenius, 2000)

Quantitative carbohydrate analysis is done with HPAEC-PAD using SCAN-CM 71:09 method. The
apparatus used was Waters 2695 Separations Module with Waters 2465 Electrochemical
Detector. Columns used were Dionex CarboPac PA1BioLC Analytical 4 x 250mm ja pre-columns

were PA1 Guard 4 x 50mm. The column oven had a temperature of 30 °C. The determination range



30

is <5 mg/l and minimum sample size 5 g/10 ml. Solid samples are pre-hydrolyzed using 72 % sulfuric
acid at 30 °C water bath for 1 h and afterwards autoclaved for 1 h. Liquid samples are hydrolyzed
by autoclaving in 4 % sulfuric acid for 1 h at 121 °C. Carbohydrate chains break down into
monomeric components due to hydrolysis at elevated temperature and pressure. Monomeric
sugars (arabinose, galactose, glucose, xylose and mannose) and total carbohydrate content are
analyzed from hydrolyzed sample and measured according to used internal standard fucose. (SCAN-

CM 71:09)

3.5 Aldehydes measurement with Tetrazolium/Formazane test

Carbonyl groups are formed in cellulose depending on the processing conditions. In general, acidic
conditions generate more carbonyl groups than alkaline conditions. These oxidized sites along the
cellulose polymer chain represent areas of chemical instability that are prone to side reactions such
as oxidation to aldehydes, chain cleavage, cross-linking and condensation. The concentration of
carbonyl groups can thus provide valuable information on cellulose properties like chemical

stability, reactivity, bleachability and aging. (Nagel, et al., 2005)

The concentration of carbonyl groups in cellulose can be determined with spectrophotometry
(Hitachi U-2900 Spectrophotometer) based on colour change of colourless 2,3,5-
triphenyltetrazolium chloride (TTC). The aldehyde groups of cellulose reduce aqueous TTC to a
bright red insoluble 1,3,5-triphenylformazane (TPF). The reaction mechanism is presented in Figure
18. TPF is extracted to ethanol and the concentration can be analysed at wavelength 546 nm.

(Fairbridge, et al., 1951)
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Figure 18. The reduction reaction mechanism of TTC to TPF by cellulose aldehyde groups (Nagel, et
al., 2005)

The reduction reaction of TTC can be accelerated using increased temperatures and alkaline
solution. However, in these conditions TPF formed is relatively unstable with half-life of 1.5 h at
room temperature. TPF can be adsorbed into the pulp if washing is not carried out carefully.
Therefore, the analysis must be carried out swiftly to ensure accurate and repetitive results.
Alkalinity causes cleavage of cellulose chain and the formation of reducing end groups, which can

result in aldehyde concentration being erroneously higher. (Potthast, et al., 2006)

3.6 Water retention value with Beckman Coulter Avanti J-30I

The water retention value (WRV) is a useful measurement in assessing fibre properties such as
fibrillation, porosity and fibre swelling. Pulp samples are centrifuged under specific conditions
which removes free water present in between the fibres and inside the cell lumen retaining only
water inside the pore structures of the fibre cell wall. While WRV does not provide explicit
information on fibre properties, relative changes in for example fibre swelling can be gauged.
(Suchy, et al., 2010) Kéhnke et al. measured WRV values for TCF-bleached softwood kraft pulp
which had been pretreated to remove glucuronoxylan to be in the range of 1.46—1.55 g/g for never

dried and between 1.10-1.29 g/g for once dried samples. (K6hnke, et al., 2010)

WRYV is measured by centrifuging a pulp cake with centrifugal force of 3 000 + 50 g for 30 minutes
on a 200 mesh (125 um) after which the sample is weighed, dried, and weighed again. WRV is

determined according to Equation 6:

WRYV [g/g] = % -1 (6)
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where m, is the weight of centrifuged sample and m, is the weight of dried sample. (ISO

23714:2014)

3.7 Crystallinity with XRD and *3C CP-MAS NMR

The crystallinity index (Cl) is a parameter used to describe the ratio of crystalline to amorphous
material in cellulose. X-ray diffraction (XRD) can be used to determine Cl of cellulose by measuring
the height ratio between the intensities of the crystalline and amorphous peaks as shown in Figure

19. (Park, et al., 2010) Cl is calculated using the relative intensities according to Equation 7:

CI [%] = “=22-100 % (7)

C

where . is the intensity of the crystalline peak and I, the intensity of the amorphous peak.
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Figure 19. An example of an XRD diffraction spectrum illustrating the crystalline and amorphous
cellulose peaks.

The relative intensity of the peaks is drastically influenced by preferred orientation of the
crystallites, therefore determining Cl using peak intensity differences demands equal sample
preparation. Ideally, samples should be as smooth as possible on the surface to ensure minimal X-

ray reflection and have equal area density for uniform absolute peak intensity. (Park, et al., 2010)

A more accurate method to measure Cl is solid-state nuclear magnetic resonance (NMR)

spectroscopy, which can also accurately determine the polymorph of cellulose. Zuckerstatter et al.
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have shown through *C CP-MAS (cross-polarization magic angle spinning) NMR that crystalline
cores and surfaces can be identified in cellulose | and Il materials. Signal contributions have also
been attributed to accessible and inaccessible fibril surfaces. Lateral fibril and fibril aggregate
dimensions were calculated using relative concentrations of these components. (Zuckerstétter, et

al., 2013)

3.8 Other quality measurements

Three product specific properties (A — C) were measured from samples. Due to confidentiality of
the work, the types of the properties are not revealed, however they demonstrate the quality of

the end product.
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4 Multivariate data analysis methods

Multivariate data analysis is utilized to extract information from data which contains more than two
variables analysed simultaneously (Wuensch, 2019). More variables equals to more information
provided, but consequently the data analysis and characterisation process becomes increasingly
difficult. Therefore, multivariate methods have been created to simplify analysis and condense
information into a few graphs or information-rich parameters. (Eriksson, et al., 1999) Such methods
include factor, cluster, regression, variance and discriminant analyses (Wuensch, 2019).
Multivariate analysis methods are especially useful in cases such as process monitoring, quality
control and interpretation of relationships between properties (Eriksson, et al., 1999). Multivariate

data analysis can be applied to three basic stages presented in Figure 20.

Figure 20. Basic cases for data analysis: data overview (1), classification and discrimination (2), and
regression modelling (3). (Adapted from Eriksson, et al., 1999)

The first stage depicts the initial phase of a data analysis process, where the task is to acquire an
overview of the information provided by data of an unknown problem. Desired key figures in the
overview are identifying relationships between observations and revealing deviating observations
or outliers. Second stage is the grouping of data, which allows modelling of individual groups or
classes separately to fine-tune analysis. Characteristic features of groups can be understood and
they can be fitted to specific pre-existing class models. Deviations of the fit suggest valuable further
analysis. The last stage is regression modelling between two blocks of data, X and Y, with the aim
of predicting Y from X. In process monitoring for example, frequently sampled signals (X) such as
temperature, flow rate and pH can be used to predict changes in responses (Y) such as product yield
and quality. X variables are often called description or exploratory variables. (Eriksson, et al., 1999)
Two multivariate data analysis methods, principal component analysis (PCA) and partial least-

squares (PLS), can be applied to achieve desired outcomes for the illustrated analytical problems.
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4.1 Principal Component Analysis (PCA)

PCA is a projection method used to extract and interpret variation in data consisting of multiple
cross correlated variables. PCA enables the user to evaluate the dimensionality of the data to
discover the dominant patters and major trends. The purpose is to decompose the signal data
matrix to detect hidden phenomena and therefore discover variables contributing similar and
unique information to the model. The number of original variables is compressed into fewer
uncorrelated variables called principal components, which attempt to explain as much of the
variation in the data as is feasible. Hidden phenomena in the data often coincides with the
directions of maximum variance. In process monitoring applications, PCA is especially useful in

highlighting smooth time trends and sudden shifts in the data. (Eriksson, et al., 1999)

Preprocessing of data is vital to enable use of PCA. Variables are measured in different numerical
ranges, which automatically causes larger absolute variance with variables of higher values.
(Eriksson, et al., 1999) As the PCA model aims to find maximum variance, it will solely focus on
variables with larger inherent values. Therefore, data must be scaled. The most common scaling
method is unit variance scaling or autoscaling. Each variable is divided by its standard deviation to
give equal variance, meaning all variables have equal chance of being modelled. (Bro and Smilde,
2014) Autoscaling is often followed by mean centering, in which the average value is subtracted
from each variable to improve model interpretability. Furthermore, it is possible to include
weighing factors in scaling to for example augment influential variables or diminish noisy variables,

but this is prone to subjective bias (Eriksson, et al., 1999).
In PCA modelling, data matrix X containing K variables and N observations is modelled as:
X=TPT+E (8)

The model contains four parts: the data (X), matrix product that models the structure containing
the scores (T) and the loadings (PT), and the residual matrix containing unmodelled noise (E).

(Eriksson, et al., 1999) The model is illustrated in Figure 21.
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Figure 21. The PCA model is structured from data (X), scores (T), loadings (P") and residuals (E)
matrices. (Adapted from Bro and Smilde, 2014)

The geometric interpretation of PCA model begins by setting up a K-dimensional space where
variables are standardized by autoscaling and mean centering. Each observation (row) of the X-
matrix is rendered in the K-dimensional space to form a cloud of points in space around the origin
(due to mean centering). The first principal component (PC1) is calculated by drawing a line through
the origin into the direction which best approximates the cloud of data in least squares sense. In
other words, PC1 forms a line of best fit through the cloud of data and thus represents the direction
of maximum variance. The samples are projected into the PCs and are given a coordinate value
known as score measured from the distance to the origin in the new space formed by PCs. The
second principal component (PC2) is drawn similarly through the second largest source of variance
in the data, while being orthogonal to PC1. The two PCs form a simplified plane known as score
plot, to where all observations can be projected and the structure of data visualized. (Eriksson, et
al., 1999) Figure 22 illustrates the geometric interpretation of PCA for 3 variable (xi1, X2, X3) system
and the projection of samples to the PCs. Subsequent PCs can be drawn, however the variance

covered is diminishing. It is upto the user to decide how many PCs are worth investigating.
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Figure 22. PC1 is drawn through the origin and the maximum variance in observations and PC2 is
drawn similarly orthogonal to PC1. The score-plot is formed by the two principal components in the
3-dimensional space. (Dunn, 2019)

Principal component loadings represent the contribution of original variables to the model or how
they affect the orientation of the obtained model within the K-dimensional space. Loadings provide
information about the influence of components to the model and correlation between variables.
Variables contributing similar information are grouped together. Negatively correlating variables
are positioned oppositely of the plot origin and in diagonally opposed quadrants. In addition, the
farther a variable is from the plot origin the stronger impact it has on the model. (Eriksson, et al.,

1999)

4.2 Partial least squares regression (PLS)

PLS modelling can achieve fast, accurate and quantitative predictions of complex responses which
would otherwise be very time-consuming and expensive to measure. PLS regression uses a bilinear
multivariate model to relate two blocks of data, X and Y, to each other. While PCA projects
maximum variance of X, PLS models covariance between X and Y. (Eriksson, et al., 1999) Most
commonly PLS is used to predict Y from X, that is model one or several dependent variables,
responses, using a set of descriptor variables (Figure 23). Multi-collinearity is a problem in
traditional regression analysis, meaning that variance in estimates of the regression parameters is
increased by high amount of correlation between the descriptor variables (Kleinbaum, et al., 1998).
In PLS models the number of descriptor variables in the X block can be higher than the number of
observations due to its ability to model inner correlation structure of the original variables.
Increasing the number of relevant variables improves the precision of model parameters regarding

observations. In traditional regression, analysis the number of independent observations is
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required to be higher than the number of variables. PLS is a powerful tool in process monitoring,
because it is unaffected by noisy, collinear, and incomplete variables in both X and Y. (Wold, et al.,
2001) This is because noisy data is left out as residuals from the compressed, stabilized and more
easily interpretable model of X-variable structures (Martens and Naes, 1993). PLS is also applied in
product development due to the ability to predict quality properties of outcomes by using

production variables (Dunn, 2019).

descriptors responses

K K

X Y

N N

observations

Figure 23. The X-variables, descriptors, are often process parameters or monitoring data and the Y-
variables, responses, are usually values that reflect process performance or product quality.
(Adapted from Eriksson, et al., 1999)

The aim of the PLS model is to coherently fit PCA-like models for both X and Y simultaneously. The

data is modelled as:

X=TPT+E (9)

Y=UCT+F (10)
The X model is equal to that described earlier in PCA section and the Y model follows the same
logic: model data originates from X and Y, model structure is contained in scores matrices T and U
and loading matrices PT and CT, and unmodelled noise is stored in residual matrices E and F.
Residual matrices would ideally be close to non-existing, because they describe the unexplained
variation by the PLS components. However, zero residuals would mean all points are on a line which
is unrealistic, therefore some unexplained variation remains. (Eriksson, et al., 1999) To gain
maximal covariance between X and Y, the model solution is rotated to maximize covariance
between the two score matrices T and U. This provides a new weight matrix W, which describes
loadings after rotation, i.e. the effect of X variables on the PLS components. (Brereton, 2009) The

structure of the PLS model is illustrated in Figure 24.
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Figure 24. The PLS model is structured from data (X), scores (T and U), loadings (P" and CT), weight
(W) and residuals matrices. (Wold, et al., 2001)

PLS requires pretreatment of data in the form of autoscaling and mean centering also. Geometric
interpretation of PLS modelling is similar to that of PCA with the difference being that each
observation corresponds to a point in Y-space in addition to one in X-space. Therefore, the N
observations create two separate point swarms in K-dimensional space. The first PLS component is
drawn similarly to the first principal component in PCA; through the average point of the point
swarm which best approximates X-matrix data in least squares sense. Similar independent PC is
fitted into the Y block. These two vectors are rotated to maximize the covariance between the T
and U score vectors by rotating the PC formed from X variables. This will form the 1 PLS
component, also called latent variable (LV), which is supervised by dominating variation of the Y
block. The 2" PLS component is fitted to the residual variation not covered by the first PLS
component. The procedure continues until an adequate number of components has been
computed. (Martens and Naes, 1993) Figure 25 illustrates the determination of the PLS components

in the different X and Y spaces.
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Figure 25. The latent variables are drawn through the origin and are oriented so that they
separately best explain X and Y with the greatest correlation between X and Y. LV1 is drawn
orthogonal to LV2. (Dunn, 2019)

With PLS model, a 100 % fit can always be reached by modelling as many LVs as there are variables.
However, this is not advantageous and would provide only local models. Thus, choosing a correct
number of LVs to represent adequate variation is critical. First validation step in PLS models is
typically inner validation that applies calibration data. It is called cross-validation and it utilizes a
leave-one-out technique using one or several samples. The samples left out from the modelling are
estimated using the model formed from the other samples. When all samples have been left out
once and only once, their prediction errors or fit is summed. The procedure is repeated after adding
each new LV into the model, and the sums of squared prediction residual errors (PRESS) are applied
in finding the correct number of PLS components. The model dimensionality, i.e. number of PLS
components (LVs) is checked and selected after this initial validation step with several sophisticated

methods. (Martens and Naes, 1993)

PLS models offer various ways to get insight of the model. Regression coefficients (B) summarize
the effect of each original X variable and can be applied similarly to any other regression coefficient

drawn via other regression methods (for example multiple linear regression, MLR). (Brereton, 2009)
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EXPERIMENTAL SECTION

5 Materials and methods

The scope of the experimental section is to analyze how the product quality of cellulose varies
depending on the pretreatment parameters and how this can be observed using molecular weight
distributions and other analysis results. A total of 48 softwood pulp samples of the same origin were
prepared in varying solids concentration (4-45 w-%) using several different modification reactor
types with varying mixing intensities (rated 1 to 4, with 4 being the best mixing). Both never dried
and dried samples were used. Other pretreatment parameters are not revealed in this study and
are represented as parameters A—F. In addition, some samples included addition of hydrogen
peroxide or were treated with sodium hydroxide before reactor modification to remove
hemicelluloses. The alkali treatment was carried out at low enough concentration to avoid
mercerization of cellulose. After the cellulose modification, samples were washed and stored at

cool location before further analyses.

Pretreated samples were analyzed using analyses and methods presented in chapter 3. Cross-
linking measurements with SEC-MALLS and crystallinity measurements with 3C CP-MAS NMR were
external analyses and the determined for a select number of samples only. They were excluded
from the data analysis and thus results are not presented. The variables used in the experimental
section are listed in Table 4.

Table 4. The variables used in the study with the accuracy and determination range of the analysis
method.

Analysis Samples  Variables Accuracy Range
SEC All MWD, M,, My, PD and DPy - -
CED viscosity All CED viscosity (ml/g) +11 >50
Fiber All Fibre length (mm) +0.001 0.2-7.0
dimensions Fibre width (um) +0.1 >5
Optical coarseness (mg/m) +0.001 >0.05
Kinks (1/m), +1 >100
Fines fraction (%), +0.1 >5
Fibrillation (%) +0.01 >0.05
Number of fibres (million/g) +0.1 >0
Carbohydrate All Galactose, glucose, xylose, mannose, +10 >0
content total carbohydrates (mg/g)
Aldehydes All Aldehyde groups of cellulose +0.1 >5
(umol/g)

WRV All WRYV (g/g) +0.01 >0.1
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Crystallinity All Cl (%)(XRD) 05 0-100
Crystallite size (A) +0.5 >0
Internal quality  All Quality A + 100 >100-15 000
measurements  All Quality B +0.5 1-6
Select Quality C +05 20

The pretreatment parameters and analysis results were used as the variables scatter plotting and
multivariate data analyses utilizing PCA and PLS. Quality measurements A, B and C are internally
developed analysis methods that aim to demonstrate product quality in a specific area of interest.

The application structure of PCA and PLS analyses in the study is presented in Figure 26.
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Figure 26. PCA analysis is applied to X-matrix containing pulp pretreatment variables and analysis
results. PLS analysis is applied in multiple scenarios to study correlations between X-matrix, the
molecular weight distributions (Yi-matrix) and Y,-matrix containing product specific pulp quality
measurements.

The goal of PCA analysis is plot observations and variables to observe grouping along the principal
component axes. Data was autoscaled before PCA analysis. Grouping of observations in the scores
plots show which samples have similar properties based on analysis results. Naturally, similarly
pretreated samples should group together, but any discrepancies can provide useful information
and suggest further investigation of the properties of outlier samples. Correlations between
variables are studied using loadings plots, which position variables on the principal component axes
depending on their relation to the observations and one another. PCA analysis is applied to pulp
pretreatment variables that include material type and reactor operating conditions, and all analysis

results.

PLS analysis is used to study correlations between variables (X-matrix) and descriptors (Y-matrix),
and the position of the matrices can be freely interchanged. PLS modelling required pretreatment

of data by centering of the MWD data and autoscaling of analyses data. Data was then cross
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validated to determine the number of latent variables included in modelling. The number of
dimensions (between 0 and maximum number of variables) and the number of samples left out in
the model at each iteration were chosen. The number of PLS components was then selected based
on PRESS given. An automatic calibration step was then used to show the percent variance captured
by the PLS model with chosen PLS components. The amount of variation in X-block covered by each
latent variable and how much this variation predicts the Y-block was shown. Adding more latent
variables to the model covers decreasing amounts of X-block variation while possibly predicting
similar amounts of Y-block data, which is generally extremely suspicious. Therefore, calibration was
used to ensure rational number of latent variables was selected for the model. Finally, regression
coefficients were modelled. Prediction data and leverages of samples were observed to ensure the
reliability of regression coefficients. If the model was unable to accurately predict data (seen by
samples assembling near a linear curve) the model results should be analysed with caution.
Furthermore, leverages showed if certain samples affected the model significantly more than
others and thus negatively influence the results. In this case, the specific samples could be removed

from the model.

As shown in Figure 26, multiple different scenarios are applied in this study to investigate
correlations between pretreatment parameters, analysis results, MWDs and pulp quality

measurement. The PLS scenarios aim to find information regarding the following relationships:

e Pulp pretreatment parameters and MWD curves

e  Pulp pretreatment parameters and pulp quality properties
e MWD curves and analysis results

e MWD curves and pulp quality properties

e Pulp quality properties A and B and quality property C.

These are used to answer the targets of this thesis; how do the reactor conditions affect the shape
of the curves? Which part of the MWD curves is indicative of change in a specific analysis result or
pulp quality property? What kind of correlation exists between quality properties A and B and

quality property C?
5.1 Data pretreatment

The cellulose samples analyzed with SEC were prepared with varying reaction parameters,
therefore the determined molecular weight distributions also showed great variation (refer to
Appendix | for the original MWDs). To use the MWDs in PLS analysis, each observation (a

measurement at specific point on the x-axis) must match between the different MWDs. Hence, the
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curves were extrapolated in equal manner at the tail ends to provide the same start and end points.
Generally, extrapolating results should only be carried out when it is certain that no false
information is generated. In this case, the tail ends were safe to extrapolate to 0 and then to equal
starting and ending points, because the information provided at the very tail ends is low and each
curve was originally also approaching 0. After extrapolation, the MWDs were aligned using MATLAB
code. Aligning was done by fixing the same starting and ending points for the curves and setting a
specific number of steps (200) that covered the whole range of the observations. The nearest
neighboring observations from the original data were found and a new point matching the desired
step was fitted using a regression function. This process did not alter the results or reduce
information, but simply condensed the number of observations and aligned the data. Furthermore,
as cellulose is not directly soluble in the LiCl/DMAc solution system used in SEC, the area and highest
point of the curves are relative to the amount of cellulose dissolved. Therefore, the curves were
normalized by dividing each newly aligned step by the total area of the curve to ensure
comparability between the MWDs. The extrapolated, aligned and normalized MWDs are presented

in Figure 27.
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Figure 27. The molecular weight distributions measured for all 48 samples used in the study have
varying peak locations and shoulder areas. The desired curve shape has its peak towards the lower
DP area, low polydispersity and less area on the high DP section.

Areas under the tail ends of the MWDs (as illustrated early in Figure 2) were calculated using
MATLAB. The two fractions represent areas of low DP (<100) and high DP (>2 000) and are

calculated from areas log Mw < 4.3 and > 5.51 respectively.
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6 Results and discussion

First, the relationship of CED viscosity with weight average molecular weight and product specific
properties are investigated using scatter plots. Product quality A, B and C are shown in original
measured form meaning higher value is worse. Further, in PCA and PLS analyses the values are
inverted from more comprehensible outcomes. The correlation between CED viscosity and DPy, is

shown in Figure 28.
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Figure 28. DP,, is linearly dependent on CED viscosity.

Figure 28 shows that under approximately viscosity 400 mg/| the relationship is linear with DPy,
apart from one outlier, which was a sample prepared in different mixing and temperature
conditions compared to others. As DP,, is a property determined using SEC which in turn required
dissolution of cellulose into LiCI/DMAc system, the loss of linearity at high viscosity values
demonstrates the difficulty of properly dissolving cellulose into solvents at high DP. Furthermore,
analyzing high viscosity samples with SEC usually provides misrepresented information, because

only the fraction of the shorter cellulose chains dissolve and the rest are filtered off before injection.

Figures 29 and 30 illustrate the relationship between CED viscosity and product specific properties

A and B.
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Figure 29. CED viscosity vs quality A. Higher quality A value is worse.

Figure 29 shows that product quality A does not have a clear relationship with viscosity. At the same
viscosity values, the quality A can be either good or bad. However, at viscosity above 300 mg/| the

product quality A is only bad.
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Figure 30. CED viscosity vs quality B. Higher quality B value is worse.

Figure 30 shows that at similar viscosity values the product quality B can also be either good or bad.
In addition, at viscosity values above 350 mg/l the product quality B is only bad. Therefore, to
ensure better product properties viscosity should be under 300 mg/l. Furthermore, the figures

demonstrate that viscosity cannot be used as the sole parameter to estimate product quality.
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6.1 PCA results

PCA results illustrate the grouping of variables and observations and therefore allow correlations
to be seen. Figure 31 shows the grouping of all variables except quality C. The captured variation
by the principal components is shown in parenthesis on the axis titles. The total captured variance
by the first two PCs amounts to 40 %, which is generally quite low, however acceptable when
considering that samples were pretreated with many different parameters and the total number of
variables including reactor parameters and analysis results is high. In this section, the values for
product qualities are inverted so that higher value equals to more desired properties. This way the
grouping of variables is more coherent, because desired product quality is grouped near the

properties that increase it.
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Figure 31. PCA loadings plot with all variables and product quality A and B. (i) represents the
direction of unwanted properties and (ii) the direction of desired product properties.

The direction of desired properties is shown with the arrow denoted with (ii), thus the opposite
direction contains negatively correlating variables. Therefore, in order to improve desired product
properties, pretreatment parameters A, D and E should be increased and parameters B and C
reduced. Dried samples should be used also instead of never dried. When looking at analysis results,
samples with good product properties are indicated by high number of fibres, low fibre length, PD,

DPy, and CED viscosity. Fibre width and galactose content should also be low. The properties in the
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adjacent quartiles have less correlation with the desired product properties, but rather correlate

strongly with their respective opposite variables.

The scores plot shows observations plotted in the same principal component axes. Therefore, the
observations with desired product properties appear in the same quartile (lower left quartile) as
illustrated in the loadings plot. On the opposite quartile are samples which have the opposite, non-

desired qualities.
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Figure 32. PCA scores plot for observations with all variables and quality A and B. (i) represents the
area of unwanted samples and (ii) area of samples with desired product properties.

Figure 32 shows that the majority of samples reside near the origin with a few samples, notably 45—
47, being outliers due to their pretreatment with different parameters and having differing

properties.

The same PCA plots are applied with product quality C included. Quality C was only measured for

15 samples, thus could not be included in the previous plots.
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Figure 33. PCA loadings plot for variables measured with product quality C measurements. (i)
represents the direction of unwanted properties and (ii) the direction of desired product properties.

The variation captured is 10 % higher in total, however mixing and parameter A are no longer

variables and there are fewer observations. The loadings plot shows that quality Cis not completely

affected by the same properties as qualities A and B, thus is in a different quartile. Quality B seems

to correlate closer with quality C. Addition of parameter E seems to have stronger effect on the

qualities than parameter D, whereas in the previous loadings with all variables parameter D had

stronger correlation. Parameter C should be decreased here as well. Analysis results indicate that

low fibre length, PD, DP,, and CED viscosity are required, but additionally optical coarseness and

galactose have stronger negative correlation with desired product properties here.
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Figure 34. PCA scores plot for observations with measured product quality C. (i) represents the area
of unwanted samples and (ii) area of desired samples.

The scores plot shows samples that are in the desired region according to the grouping of the
variables. On the opposite side of the blue circle are the undesired samples. Here, the samples 42,
44 and 48 are in the area of desired properties likewise in Figure 32, thus are the highest quality
samples in terms of product specific properties A, B and C. Therefore, the pretreatment parameters

applied to these samples are indicators of best process performance.

6.2 PLS results

PLS modelling was done to investigate the scenarios presented in Figure 27. PLS models were
generally built using two latent variables to avoid overdesigning the model by capturing uncertain
variation. In some cases only one LV was used due to two LVs already producing questionable

results.

6.2.1 Correlations of reaction parameters and analysis results with MWDs

The first PLS analysis is effect of reactor parameters on the shape of MWDs. The regression
coefficients are presented in a colourmap type figure, where the correlation of each variable to the
corresponding section of the MWD curves is shown. Yellow means highly positive correlation and
blue highly negative. Thus, if variable is yellow at a specific spot, it means that variable positively
correlates with the same section of the MWD curve. In other words, increasing the variable also

increases the intensity of the MWD at the corresponding location.
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Figure 35. The correlation of modelled variables in the colourmap correspond with the same
location on the x-axis of the MWD curves.

Figure 35 shows the regressions coefficients of PLS model made for MWD curves and reaction
parameters. As mentioned before, many samples were prepared in similar conditions which means
there is inadequate variation in data to reveal real insights with some variables. For example, mixing
and parameter A are variables that had little variation as 95 % of samples were prepared in the
same conditions, thus give only very local results in the model. The PLS model finds that improving
mixing slightly increases the rightmost area, which has been generally noted as untrue. Parameter
A seems to have a stronger positive correlation with the area left to the center, which could be true
however cannot be trusted with the limited variation in data. Therefore, these two variables should
be disregarded or taken into account with caution. Other variables show with strong correlative
level that for a pulp sample to have a desirable MWD curve, parameters D, E, F must be increased
or peroxide added and also sample should not be alkali treated. In addition, a dried sample with
decreased parameter C and concentration using increased parameter B also improves desired

MWD shape.

Next, the correlations between MWD curve shape and the various analysis results are presented.
The following figures show the correlation of different sections of the MWD curve to the variable
titled on the top. The x-axis is the log M\, value and y-axis represents intensity of the regression
coefficient. The fitting of the model parameters can be seen in Appendix Il, where the predicted

model is plotted against the measured values.
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Figure 36. The regression coefficients of PLS models between MWDs and CED viscosity (a), fibre
length (b), fibre width (c), and optical coarseness (d).

Modelling of CED viscosity was good. The middle section of the MWD strongly correlates negatively
with CED viscosity and the high DP area clearly correlates positively. The low DP area has some
variation in correlation, but the hemicellulose area appears to correlate more positively than
negatively. The modelling of fibre length was decent. The MWD area left from the middle appears
to correlate negatively with fibre length and the area to the right positively, which is logical since
shorter fibres are in the low DP section and vice versa. However, there appears to be some random
modelling at the highest DP area which would indicate increasing that area reduces fibre length,
which is irrational. The modelling of fibre width and optical coarseness were not good which can be
seen from the lack of smoothness of the regression coefficients. Still, both appear to indicate that
the lower DP area of MWD correlates negatively with the property and the area to the right of 4.5
positively. Here, there is also some random modelling at the highest DP area, which is probably

caused by the model not being able to capture adequate variation.
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Figure 37. The regression coefficients of PLS models between MWDs and kinks (a), fines (b),
fibrillation (c), and number of fibres (d).

The modelling of kinks was decent and the results show that the middle section of MWD correlates
to increased amount of kinks. Lower DP area correlates negatively and thus indicates lower amount
of kinks. Since kinks are deformations of the fibre it is logical that shorter fibres contain less
deformations per fibre length. Fines had to be modelled with one LV only, because adding the
second LV produced too much irregular variation. The correlation of MWDs with fines is also very
logical — as the cellulose chain length decreases the amount of fines increases. However, amount
of fines decreases going towards the left tail end as fibres break down into sugars. Modelling of
fibrillation was fine and provided almost identical results compared to modelling of fines. This can
be a result of similar mathematical models used to calculate these values based on fibre length and
width. The lower DP area of the MWD contains fibres that have been treated more in the reactor,
which increases fibrillation. Modelling of the number of fibres was bad, however the results still
make sense. As fibres break down, the total number increases. The model also shows random

variation at the rightmost end of the MWD, which can be accounted to the poor capture of variance.
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Figure 38. The regression coefficients of PLS models between MWDs and galactose (a), glucose (b),
xylose (c), and mannose (d).

The modelling of the carbohydrates was not great and required removal of many leveraging
samples to formulate somewhat decent models. The uncertainty of carbohydrate analysis results
was quite high and thus results are less reliable. The correlations show that the low DP area of the
MWDs is larger when hemicellulose monosaccharides galactose, xylose and mannose are prevalent.
The middle section of the MWD correlates negatively with the monosaccharides, and the rightmost
high DP area has little correlation other than with mannose, which appears to be result of irregular
modelling. The mannose model was worse than other carbohydrate models also. Negative
correlation of the low DP area with glucose is sensible, because intact fibres contain mainly cellulose

formed of glucopyranose units.
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Figure 39. The regression coefficients of the PLS models between MWDs and aldehydes (a), WRV
(b), crystallinity index (c), and crystallite size (d).

The PLS model did not achieve good modelling with aldehydes and WRV. Even further, the
modelling was bad with crystallinity index and crystallite size. Therefore, the results for the above
are presented using one LV only to determine some correlation. Aldehydes and WRV show similar
correlation with increased amounts in the lower DP area of the MWDs. The breaking down of the
fibres especially in acidic conditions generates carbonyl groups in cellulose which in turn can lead
to oxidation to aldehydes and cross-linking. As seen before, shorter fibres have reduced fibre width,
increased fibrillation and fines content, thus are able to retain more water due to increased surface
areas. Polymers with higher DP appear to exhibit higher crystallinity and larger crystallite size. This
suggest that the amorphous disordered content of cellulose chains increases alongside the

decrease of DP.

6.2.2 Correlations of MWDs with product quality

The correlations between MWDs and the desired product specific qualities are investigated using
similar regression coefficients modelling curve shape as well as integrated areas of the low (<100)

and high DP (>2 000) areas. Here, the product quality results are also inverted.
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Figure 40. The regression coefficients of the PLS models between MWDs and product specific
quality A (a), quality B (b), and quality C (c).

The PLS models for quality A and B were modelled with two PLS components and for quality C with
only one PLS component, because the second component created too much irregular variation. The
PLS models for quality A and B show similar correlation with MWDs. The tail areas of the MWDs
exhibit negative correlation and middle section between log My 4.5-5.3 shows strong positive
correlation with the product qualities. The similar correlations are seen between MWDs and quality
C, with strongly negative correlation at log My, above 5 and positive correlation at the middle

section that reduces towards the lower DP tail area. Therefore, the models suggest that to acquire

good product quality the MWDs should have highest intensity between log M, 4.5-5.1.

The correlations between the area fractions and product quality are presented in Figure 41. ‘Fracl’
and ‘Frac2’ represent the low and high DP areas of the MWDs respectively. In other words, general
a sample that has been pretreated well has a decreased Frac2 area and increased Fracl area, since

polymer chains are broken down via the pretreatment process.
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Figure 41. The regression coefficients of the PLS models between MWD tail area fractions and
product specific quality A (a), quality B (b), and quality C (c).

DP<100 area appears to correlate positively with all three product qualities and DP<2 000
negatively. The positive correlation of low DP area with product qualities follows the same pattern
as in the MWD correlations presented previously. The negative correlation of high DP area appears
stronger with the tail areas compared to MWD correlations. This suggests that monitoring ‘Frac2’
might be more reliable in predicting product quality. The integrated tail areas provide a simpler

method of monitoring product quality instead of using the entire MWD.

6.2.3 Correlations of reaction parameters and analysis results with product quality

The reactor parameters can be used to directly model product qualities instead of using the MWDs
as a middle stage. The PLS models for predicting quality A and B include all 48 samples with mixing
and temperature as variables. The PLS modelling for quality C contains only 15 samples and fewer
variables (no mixing, parameter B, parameter F, alkali treatment, and peroxide addition). Thus, it is
worth remembering that discrepancies in correlations with quality C can be caused by low sample

size.



58

0.4 1 | | 1 1 | | | | | l 1
Mix Par A ND D Par D ParE ParF NaOH H202 ParB Conc  ParC

Quality B

0.2 T T T T

0.4 | 1 l | 1 1 | | | | 1 1
Mix Par A ND D ParD Par E ParF  MNaOH H202 ParB Conc Par C

Quality C
0.3 T T T T

03 i i i i i i
MND D Par D Par E Par B Conc ParC

Figure 42. The regression coefficients of the PLS models between pretreatment parameters and
product specific quality A (a), quality B (b), and quality C (c).

Mixing has slightly positive correlation with quality A and neutral correlation with quality B.
Increasing parameter B seems to improve product quality A and B both. Dried samples correlate
positively with quality A and B, but negatively with quality C, which could be a result of low sample
size. Increasing parameter D improves all product qualities based on the models. Increasing

parameter E, improves qualities A and B, yet seems to negatively affect quality C. Increasing
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parameter F improves quality A, but reduces quality B. For both quality A and B, applying alkali
pretreatment negatively affects the product properties, and using H,O, improves product
properties. Increasing parameter B decreases quality A and C, but has minute positive correlation
with quality B. All product qualities seem to benefit from lower concentration and decreased

parameter C.
The analysis results for pulp samples can also be used to predict the product properties. Here,
modelling quality C included all results except arabinose which was absent from the 15 samples.
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Figure 43. The regression coefficients of the PLS models between analysis results and product
specific quality A (a), quality B (b), and quality C (c).

The weight average molecular weight, polydispersity, DP and viscosity correlate negatively with all
product qualities. The result corresponds to the correlations between MWD curves and the
variables, where lower molecular weight area correlated positively with the product qualities. Fibre
length correlates negatively with product qualities suggesting that shorter fibres are desirable.
Wider fibre width gives better quality A and B, however has more negative impact on quality C.
Optical coarseness correlates negatively with all qualities and especially strongly with quality B.
Kinks show little correlation with product qualities. Increased fines and fibrillation decrease
qualities A and B, but fibrillation somewhat improves quality C. Number of fibres per gram has
positive correlation especially with quality B, suggesting again that fibres should be broken down
to improve properties. The correlation with carbohydrates and product qualities is mixed. Galactose
improves quality A and C, but reduces quality B. Glucose correlates negatively with qualities A and
B, but positively with quality C. Longer, untreated fibres contain more glucose meaning this
correlation matches previous observations. Xylose improves qualities A and B, but reduces quality
C. Mannose has slightly positive correlation with quality A, no noticeable correlation with quality B
and negative correlation with quality C. Increased aldehyde concentration negatively correlates
with all properties, but most strongly affects quality B. Increased crystallinity index and larger
crystallite size appear to improve product qualities especially quality C, which is contrary to previous
observations with MWDs. WRV has only little correlation with product qualities, most noticeably

slightly positive with quality C.

Finally, internal correlation between product qualities is investigated. The correlation between

product qualities A and B with product quality C can be seen in Figure 44. Here, the colour of the
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sample was also included which was previously not included due to irrelevance. A lower colour

value is desired.

Quality C

0.45

Quality A Quality B Colour

Figure 44. The regression coefficients of the PLS model between product quality A, B and colour
and product quality C.

The PLS model demonstrates that quality A has low correlation with quality C, but quality B strongly
correlates positively. The colour of the sample also positively correlates with quality C, meaning a

less desired colour gives better product properties.

6.3 Further improvements

The scope of the thesis was wide and hundreds of analyses were carried out to acquire data for
modelling, however there was still plenty of aspects that could have been improved. The PLS
modelling of correlations between MWDs and many analysis results such as carbohydrates,
aldehydes, WRYV, Cl and crystallite size were not ideal. Therefore, another set of samples prepared
using less varying conditions should be utilized to improve modelling. Since proper PLS modelling
requires quite high number of samples (=50) to acquire reliable results, this was not possible within
the scope of the thesis. Similarly, the correlations between variables and product specific quality C
were modelled from only 15 samples, thus the very low sample size should be increased and
thereafter the identified correlations confirmed. In addition to increasing sample size, the number
of analyzed variables should be decreased in further studies especially those that had neutral

regression coefficients.

The next step in the study would be the validation of the results in real process monitoring
application. The process parameters identified here which correlate with desired MWD areas would

be employed to produce series of samples that would therefore have estimated desired MWDs.
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Then, using the correlations found between MWDs and product specific properties, the quality of
the prepared sample could be monitored without using other analysis methods. Once an adequate
amount of good samples are identified, the analysis methods could be employed to determine

validity of estimations.

After the validation of the correlations, the natural progression would be the development of
automatized process monitoring tool using PLS modelling. The tool would utilized only the MWDs
of pretreated samples defined by SEC to monitor if sample has desired product quality, saving both
time and resources by replacing other quality control analyses. Eventually the pretreated pulp
production would be scaled up and the automatized tool could be effectively utilized in process

quality control.
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7 Conclusions

Various correlations and relationships between pretreatment parameters, analysis results,
molecular weight distributions and product specific qualities were observed using normal scatter
plots, PCA plotting and PLS modelling. The results can be used to answer the research questions of

the thesis:

Can the existing correlation between M,, and CED viscosity of pulp be affirmed?

Clear correlation between M,, and CED viscosity of pulp was observed with scatter plots and
PCA grouping of variables.

A 4

Can the shape of MWD curves be adjusted by manipulating process parameters?

Manipulating process parameters enables the adjustment of the peak value location, width,
and height of the shoulders of the MWD curves.

A 4

Is there correlation between shoulders of curves and carbohydrate components like

hemicelluloses and product specific properties?

The lower DP shoulder was found to correlate positively with monomer sugar components,
while the higher DP shoulder was found to correlate negatively with product specific
properties.

h 4

What type of correlation exists between MWD curves and other measured properties
(crystallinity, WRV, cross-linking, etc.)?

Physical fibre properties showed both positive and negative correlation with different MWD
sections. Aldehydes and WRV showed positive correlation with lower and negative with
higher DP area and vice versa for crystallinity measurements.

Can quality of pulp processing conditions be evaluated based on MWD curves?

The results show with consistency between different analyses that MWD curves can be used
as basis for pulp quality evaluation.
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The molecular weight distribution of an ideal sample can be proposed based on the results of the
study. The ideal sample found resembles properties of samples 42 and 44. By manipulating
pretreatment parameters, the MWD of a non-ideal sample was possible to transform into an ideal

MWD as shown in Figure 45.
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Figure 45. The MWD of an ideal sample has decreased average molecular weight, less polydispersity
and higher peak value compared to a sample with bad product specific properties.

The most important features of an ideal MWD is the decrease of average molecular weight. The
high DP area was found to correlate negatively with all product specific properties, therefore it
must be reduced. Simply monitoring the area of the high DP fraction (>2 000) of the MWD already
provides a good estimate of product quality and can replace the need for other monitoring
measurements. Alternatively, the lower DP fraction (<100) also provides information about the
product quality, but with less magnitude. The correlation between carbohydrate components and
product specific properties was non-uniform, thus utilizing the lower DP fraction in quality

monitoring carries more uncertainty.
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8 Summary

Novel cellulose modification processes have few pre-existing quality control tools and therefore
developing new methods to ensure high product capacity while maintaining desired product
properties is essential in the competitive market for cellulose derivatives. The goal of the thesis was
to investigate if MWDs determined by SEC can be utilized to monitor pulp process quality and by
such means replace other analysis methods. Multivariate data analysis tools can be applied to
monitor process conditions and product quality. In this study, a total of 48 softwood pulp samples
were prepared with different pretreatment parameters and analyzed using SEC, CED viscometry,
FS5 fibre analyzer, HPAEC-PAD, formazane test, WRV test and XRD. The product specific qualities A
and B were measured for all samples, and quality C for select 15 samples. The pretreatment
parameters, analysis results and product properties were modelled using PCA and PLS modelling to

investigate correlations between the variables.

The results of the study were successful in answering the research questions of the thesis. A clear
correlation between M,, and CED viscosity of pulp was observed. It was found that the peak value
location peak value location, width, and height of the shoulders of the MWD curves could be
manipulated with specific process parameters. Most significant positive effect on desired MWD
sections was by increasing parameters D, E and F and adding hydrogen peroxide. The parameters
that should be avoided based on influencing non-ideal MWD areas were alkali treatment and
parameter C. Dried samples demonstrated more desirable MWDs than never dried samples. PCA
grouping identified that parameter E had strongest correlation with all three desired product
properties, however with PLS modelling parameter D showed more positive correlation with all
three product specific properties. PCA grouping identified that low fibre length, PD, DP,, and CED
viscosity are required for good product properties as well as low optical coarseness and galactose
content. These findings were almost unanimously reinforced by PLS modelling. With PLS modelling
it was determined that the lower DP section of MWDs always correlated positively with all product
properties. The same conclusion was reached using the areas of lower DP (<100) and higher DP
(>2 000) fractions of the MWDs. Quality B was found to correlate most positively with quality C.
Nonetheless, many PLS models did not reach good predictive capability and thus should be

improved to find more reliable correlations.

Based on PCA grouping and PLS modelling, three samples (42, 44 and 48) were identified with most

desirable MWD and product properties. These samples were used in estimating and ideal MWD. In
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further studies, the ideal MWD could be used as a quality control tool in monitoring pulp

pretreatment process.
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PLS modelling predictions plots

Correlations of reaction parameters and analysis results with MWDs
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Correlations of MWDs with product quality
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Correlations of reaction parameters and analysis results with product quality.
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Quality A and B with quality C:
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